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Abstract
We present a transfer learning method for the
prognostic prediction analysis using multi-center
data. The proposed method improves prediction accuracy by explicitly incorporating varying
background-information distributions across multiple center into the model, in multi-center observational study. Experimental results show the effectiveness of the proposed method.

1

Introduction

Prognostic analysis of disease, which is useful for risk stratification and treatment selection of patients, has been frequently
carried out as multi-center studies. In a multi-center study,
a relatively large number of patients can be collected in a
short period of time, and it is effective to expand the applicability or generalizability of the developed predictor through
accommodating multiple centers with diverse characteristics.
However, the analysis of multiple centers at the same time
can raise a difficulty in prognostic prediction since the background information of patients can considerably vary across
multiple centers. Generally, patients in base hospitals tend
to be more serious, compared with those in (relatively small)
municipal hospitals.
In this study, we will see that the multi-center prognostic analysis can be formulated as a transfer learning under the covariate shift (Shimodaira [2000]; Sugiyama et al.
[2012]). Specifically, by explicitly incorporating information
on the within-center covariate distributions into the learning
phase, we propose a novel framework for prognostic prediction model to enhance the prediction performance for individual patients in a particular target center. This is contrast
to the standard framework of prognostic prediction, where a
common predictor is being used for patients in the target center without regard to the center’s characteristics.

2

Problem Formulation

Multi-center prognostic prediction at K + 1 centers is often formulated as binary classification problems. Let xik =
(xik 1 , ..., xik d ) ∈ Xk (ik = 1, ..., nk , k = 1, ..., K) be the
∗
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covariate vector of ik -th patient in k-th center and yik ∈
Y = {1, −1} be the binary outcome, that is yik = 1 represents the bad prognosis of ik -th patient and yik = −1
represents good prognosis. Then we want to develop a prediction model f : Xt → Y using the data {(xik , yik )}
from K source domains that predicts good or bad prognosis of a new patient in a target center Xt . This is an ordinary binary classification problem and there are many approaches to develop f . In such study, logistic regression is
often used due to interpretability, that uses the linear score
function gθ,b (x) = θ ⊤ x + b and minimizes the logistic loss
ℓ(gθ,b (X), Y ) = log(1 + exp(−Y gθ,b (X))). Then the prognosis of a new patient is probabilistically predicted with some
1
estimator θ̂, b̂ as follows: f (x) = 1 if 1+exp{−g
} > 0.5
θ̂,b̂

and f (x) = −1 otherwise. In tradition, parameter estimation
is executed via empirical risk minimization
nk
K ∑
∑
1
θ̂, b̂ = arg min ∑K
ℓ(gθ,b (xik ), yik ). (1)
θ,b
k=1 nk k=1 ik =1
However θ̂, b̂ estimated by (1) may perform poorly due to
covariate shift, that we describe in detail in the following.
Covariate Shift. Let pk (x, y) and pt (x, y) be joint distribution over X × Y at k-th source center and that of target center.
Then, we can write the marginal distribution of each center as
pk (x), pt (x) and the conditional distribution of each center
as pk (y | x), pt (y | x) respectively. Under the above notation, the covariate shift can be formulated as follows : for
1 ≤ k ≤ K and k ̸= k ′ ,
pk (x) ̸= pk′ (x), pk (x) ̸= pt (x),
(2)
pk (y | x) = pk′ (y | x), pk (y | x) = pt (y | x).
This is a reasonable assumption in prognostic prediction analysis. For example, considering a prognostic study in which
large hospitals and community hospitals coexist, it is easy to
imagine the situation in which serious patients concentrate in
the former and mild patients concentrate in the latter (this situation is corresponding to the first two condition in (2)). It
would also be reasonable to imagine that patients who have
similar clinical information follow a similar prognosis (this
is corresponding to the last two condition in (2)). Since covariate shifts can significantly deteriorate the performance of
the prediction model (1) at the target center (Sugiyama et al.
[2012]), it is necessary to modify it adequately.
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Table 1: Synthetic data experiments (30 trials).
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Method

At first, we introduce generalized importance for multi- center study. Inspired from the relative importance proposed by
Yamada et al. [2013], we define the multi-center relative importance as follows:
wrel (x; β) =

βpt (x) +

pt (x)
∑K
k=1

βk pk (x)

,

where β = (β, β1 , ..., βK ) are hyperparameters such that
∑K
β + k=1 βk = 1. Especially, βk , k = 1, ..., K can be
interpreted as an index to what extent the source center k
contributes the performance of prognostic model in the target center. Figure 1 illustrates the estimation of wrel (x; β).
Then our learning problem is formulated as an weighted empirical risk minimization
1
min ∑K
θ,b

k=1

nk
K ∑
∑

nk

wrel (xik ; β)ℓ(gθ,b (xik ), yik ). (3)

k=1 ik =1

The learning algorithm is roughly divided into the following
two steps.
Step 1 Estimate wrel (x; β) from {xik }nikk=1 , and {xit }nitt=1
by kernel density ratio estimation technique.
Step 2 Solve (3) using estimated importance to get θ̂ and b̂.
Furthermore, our algorithm includes the optimization of β by
an appropriate method such as cross validation.
Through the proposed method, we can learn highly accurate prediction models even if there is no label information
in the data of the target domain thanks to covariate shift assumption.
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Figure 1: left panel : two source data (blue and red) and one
target data (green). right panel : p1 (x) (red), p2 (x) (blue),
pt (x) (green) and estimated wrel (x; β)(orange).
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Table 2: Real data experiments.
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Table 3: #centers vs accuracy (30 trials).
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Experimental Results and Discussion

We conducted two experiments (one is by synthetic data and
another is by real data).
Synthetic Experiment. We consider the domains (one target,
three sources) with two dimensional input space. We sample
the target data from the normal distribution with mean µt ∼

N (0, I2 ). Similarly, the source data are sampled from normal
distribution with mean µ1 ∼ N (2, I2 ), µ2 ∼ N (−2, I2 ) and
µ3 ∼ N (10, I2 ) respectively. Here, I2 is the identity matrix
and each µk is interpreted as a parameter representing each
center. We generate 150 target data and 200 of each source
data, and the class label is generated using true logistic model.
We compared proposed method (3) to conventional method
(1). The results are summarized in Table 1. In this example,
our proposed method showed the better result.
Real Data Analysis. We evaluate the prediction accuracy of
the proposed method using clinical research data of prognostic predictions conducted in Nishikimi et al. [2017]. The data
was acquired from four hospitals (two large hospitals and two
city hospitals) and is composed of clinical information of 15
items from 152 patients. Our goal is developing a predictive model that well performs in the target hospital from the
source data. The results are summarized in Table 2. We can
see the significant improvement in accuracy of our method
compared to the case without importance weighting.
Discussion. We observe that our proposed method greatly
improved the accuracy of the prognostic prediction. Finally,
consider the relationship between the number of centers and
the accuracy. Intuitively, it can be expected that the accuracy
improves as the number of centers increases. We can observe
this tendency by the experimental result with two dimensional
synthetic data shown in Table 3.
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