Discover Temporal Dynamics of Biomarkers in Predictive Modeling
with Longitudinal Data
Jiayu Zhou∗

Jimeng Sun†

Fei Wang†
Jianying Hu†
Jieping Ye∗

Abstract
In the longitudinal study measurements of various
biomarkers are taken from the same set of patients repeatedly over long periods. The longitudinal data provides important temporal information about the development of diseases. When applying standard data mining techniques to perform biomarker analysis and build
predictive models to study diseases, typically the important temporal relationship among the measurements
of the same biomarker is not considered. In this paper we present a novel method for predictive modeling
leveraging the temporal information in the longitudinal
patients data. Specifically, we propose a temporal dynamics model featured by a structural sparsity regularization designed according to the temporal structures of
the longitudinal data. The model simultaneously identifies important biomarkers and discovers their temporal
dynamics. We design experiments to show that the proposed method can better capture the temporal dynamics of the biomarkers and discuss related issues when
applying the proposed method in healthcare analysis.
1 Introduction
Longitudinal study is widely used in medical researches
of many diseases especially in dementia [1, 26] and heart
disease [25, 8]. In longitudinal studies, measurements of
biomarkers are taken from the same set of patients repeatedly over long periods of time from years to decades.
The availability of longitudinal data has attracted intensive research efforts towards methodologies of longitudinal data analysis [16, 5], which have led to many
important medical findings.
Currently many types of biomarkers are widely used
in the longitudinal study, including biomedical images
such as magnetic resonance imaging (MRI) [27] and
positron emission tomography (PET) [6], lab tests from
plasma [9] and cerebrospinal fluid (CSF) [14], vital signs
and gene expression information from microarray [31].
Notably, biomarkers from imaging and gene informa∗ Computer
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tion are typically high dimensional. Since the cost of
many biomarkers (e.g., MRI imaging) is very high, in
some longitudinal studies very limited patients that are
available. Thus commonly the longitudinal data analysis involves the high-dimensional data with only a few
subjects, suffering the so-called curse of dimensionality
where we may get low-quality predictive models due to
severe overfitting.
To tackle the high-dimensional issue there are
mainly two approaches: dimension reduction and feature selection. The former approach seeks to project
the data into a lower dimensional space that best represents the original data [13]. One disadvantage of
this approach is that after the projection, the new features are linear combination of all original features and
are thus no longer interpretable. The latter approach
can be used to identify a set of features that are relative to the predictive modeling task and in building
predictive models we only use these related features
(e.g., [7, 15, 17, 23]). In healthcare analysis, identifying
meaningful and important biomarkers is a critical step
in the study of many diseases and drug development,
and therefore feature selection techniques are preferred.
Traditionally, biomarker selection and predictive
modeling are two processes that are usually performed
independently. To identify the relevant biomarkers, supervised or unsupervised feature selection techniques
can be applied to the dataset, and then predictive models are built based only on the selected biomarkers. In
high-dimensional space, however, the performance of
the aforementioned two-stage approach may be suboptimal. Alternatively, over the last decade has been witness to the rise of simultaneously feature selection and
high dimensional predictive modeling via sparse learning [28, 3]. Extensive researches are done in the field
of predictive modeling involving sparse learning: study
the theories of the sparse learning [2, 4]; enable structure sparsity and hierarchy sparsity [19, 12]; enhance
the stability of the research [20, 33]; improve the performance of the computation [29, 30].
Not only an accurate set of relevant biomarkers
yields high quality predictive models, it also gives a

deeper understanding of the nature of the disease. In
the longitudinal studies, it is well believed that a small
subset of biomarkers are related to the disease progression, and biomarkers involved at different stages may
be different (i.e. the dynamics of biomarkers) [11]. This
property is called temporal dynamics of the biomarkers.
The temporal dynamics is related to nature of the disease, and provides important information towards better understanding of the disease. In the development
of Alzheimer’s disease, for example, CSF biomarkers of
Aβ-plaque are early markers before changes of brain
structure happens, which is followed by symptoms of
memory declination. In the later stage of Alzheimer’s
the loss of cognitive functionality become obvious [11].
In longitudinal data analysis, the temporal dynamics should be considered in both biomarker selection and
predictive modeling. Currently, few existing feature selection method is able to incorporate the temporal information, and no existing solution can be used to explore the temporal patterns of the biomarkers during
predictive modeling. In this paper we propose a novel
predictive modeling method that is capable of simultaneously building prediction models, selecting the relevant biomarkers, and identifying the temporal dynamic
of those biomarkers. Specifically, we propose a convex
optimization formulation with structural sparsity that
simultaneously identifies a small set of biomarkers that
are relevant to the prediction task, identifies the temporal dynamics of relevant biomarkers, allowing different
biomarkers to be selected at different time periods, and
also incorporates temporal smoothness in the longitudinal study. In this short paper we present experimental
results in a synthetical data; more experiments on realdata will be included in a longer version of the paper.
The rest of this paper is organized as follows: Section 2 introduces our approach for biomarker analysis
that leverages temporal dynamics; Section 3 presents
the experiments showing the effectiveness of our approach that captures temporal dynamics; Section 4
firstly gives analysis of our methods that gives practical guides in real-world applications, and then concludes
the paper.
2

Discover Temporal Dynamic of Biomarkers
via Structural Regularization

2.1 Simultaneously Predictive Modeling and
Biomarker Identification via Sparse Learning In
longitudinal studies, measurements of biomarkers are
taken from the patients repeatedly at multiple time
points (e.g., monthly, semiannually or annually). For
example in the 5-year dementia study of Alzheimer’s
Disease Neuronimaging Initiative (ADNI) [10], each
subject takes brain imaging scans (MRI and/or PET)

Table 1: The math notations used in this paper.
Symbol
Size
Meaning
X
n×d·t
Patient matrix
w
d·t×1
Predictive models
y
n×1
Patient labels
X(i)
n×d
Measurements at time point i
every year. During the data analysis, there are MRI
biomarkers, such as the volume of hippocampus, collected from the same subject at each year during the
study.
A simple way to build predictive models using the
longitudinal data is to concatenate all features available for each patient, ignoring the structures inside the
longitudinal data. In high dimensional scenarios, we
want to only include a small set of biomarkers that
are relevant to our modeling and thus sparse inducing
norms can be used in the learning to performance simultaneously predictive modeling and biomarker selection. We assume in the following context that there
are n patient in the longitudinal study and all of them
have been enrolled and followed up for t years, and we
assume each year the same type of d measurement is
take from all patients. We collectively denote the input
data as X ∈ Rn×(d·t) = {X(1) , X(2) , . . . , X(t) }, where
X(i) ∈ Rn×d is the measurement data for the time point
i, and the corresponding output label is given by y. We
focus on linear predictors, i.e., given sample x ∈ Rdt
the predictor is given by f (x; w) = wT x, where w is the
model parameter. We summarize the notations used
in this paper in Table 1. To build a predictive model
on {X, y} using sparse learning is to solve the following
optimization problem:
(2.1)

min L(w, X, y) + λ1 ∥w∥1 ,
w

where L is a convex and smooth loss function. For
regression, the least squared loss function can be used:
L(w, X, y) = ∥Xw − y∥22 /n,
and for binary classification logistic loss can be used:
1∑
L(w, b, X, y) =
log(1 + exp(−yi (wT Xi + b))),
n i=1
n

where b is the bias term of the model, and Xi is the
data of the i-th sample.
2.2 Formulation for Temporal Dynamic Discovery It is well believed that as the disease progresses, biomarkers involved at different stages may be

Patients
n

Dimension
d

Dimension
d

Dimension
d

1- Yr. measurements

2- Yr. measurements

3- Yr. measurements

such relatedness:
d ∑
t
∑

∥w(j−2)d+i − w(j−1)d+i ∥1 ,

i=1 j=2
Design Matrix
Learning with
structured sparsity
Model Parameter

Temporal
Smoothness

Joint Feature Selection

1 yr. features

According to elementary linear algebra, the fused term
can be succinctly represented in a structure matrix
R ∈ Rd(t−1)×dt such that each row of R consists 1, −1 at
a pair of immediate time points of one biomarker, and
0 at all other places. The formulation is thus given by:

2 yr. features

(2.2)

3 yr. features

Temporal-related sparsity

min L(w, X, y) + λ1 ∥w∥1 + λ2 ∥Rw∥1 ,
w

where λ1 and λ2 are parameters controlling elementwise
sparsity and fused sparsity, respectively. Besides the
temporal smoothness, we also want to perform joint
feature selection, which selects only a small subset of
features at all time points. In other words, the values
of the model for some biomarkers at all time points
are zero. To achieve this, we incorporate ℓ2,1 -norm
regularization to achieve the joint feature selection. Let
the vector ŵi = [wi wd+i . . . w(t−1)d+i ]T collectively
denote the different time point of the i-th biomarker,
our formulation is given by:

Figure 1: Discover temporal dynamics of the biomarkers
using structural sparsity. By stacking the sub-vectors
of the predictive model into a matrix, the temporal dynamics of the biomarkers can be shown in a straight forward way. The proposed formulation gives three kinds
of sparsity: the first type of sparsity gives elementwise
sparsity; the temporal sparsity encourages that the selection status of the same type of feature at two immediate time points should be similar; the group Lasso
guarantees that only a small subset of features will be
(2.3)
selected at all time points.

min L(w, X, y) + λ1 ∥w∥1 + λ2 ∥Rw∥1 + λ3
different. A hypothetical model of dynamic biomarkers
has been proposed in Alzheimer’s disease (AD), which
suggests that the biomarkers do not reach abnormal levels or peak simultaneously, but do so in an ordered manner, and in order to effectively use the biomarkers, the
time-dependent ordering of biomarkers must be thoroughly understood [11]. These statements have posted
several requirements to our analysis: due to the dynamics of the biomarker, at different stage the biomarkers
should be treated differently, while we also cannot ignore the temporal continuous of the same biomarker at
different stages, in the sense that the changes of the
same biomarker between immediate stages should not
be too large. In this paper we assume that the patients
are aligned according to a known anchor time such as
diagnosis date or disease start date in the retrospective
study. Therefore such temporal relationship among disease stages can be considered as that among different
time points in the longitudinal data.
In each time point of the longitudinal study, the
same set of measurement types are used. It is intuitive
to assume that model parameters of the same type
of feature are related to each other. Building model
using Lasso does not consider such relatedness among
features. We propose to use fused Lasso term [18]
to penalize the difference of measurements between
immediate time points of the same biomarker to capture

w

d
∑

∥ŵi ∥2 ,

i=1

where λ3 is the parameter used to control the number
of biomarkers involved in the model. The illustration of
building model using this approach is given in Figure 1.
The proposed formulation gives several kinds of sparsity.
The first type of sparsity is similar to Lasso that gives
‘random’ sparsity. The second type of sparsity is
temporal sparsity, where the selection status of the same
type of feature at two immediate time points should be
similar (they tend to both be selected by the algorithm
or both not selected). The third type of sparsity is
introduced by the ℓ2,1 , which guarantees that a small
subset of features will be selected at all time points.
2.3 Optimization Algorithms The formulation in
Eq. (2.3) is convex optimization problem with smooth
and non-smooth parts. We propose to solve the problem
by the accelerated gradient method (AGM) [22, 21].
One of the key steps in using AGM is the computation
of the proximal operator associated with the composite
of non-smooth penalties defined as follows:
1
π(v) = argmin ∥w − v∥22 + λ1 ∥w∥1
2
w
(2.4)

+ λ2 ∥Rw∥1 + λ3

d
∑
i=1

∥ŵi ∥2 .

Denote v̂i = [vi vd+i . . . v(t−1)d+i ]T , we notice that the
problem in Eq. (2.4) is decoupled for each wi and vi :
1
π(v̂i ) = argmin ∥ŵi − v̂i ∥22 + λ1 ∥ŵi ∥1
2
ŵi
+ λ2 ∥Rŵi ∥1 + λ3 ∥ŵi ∥2 .

(2.5)

The subproblem in Eq. (2.5) can be decomposed
into two steps and solved efficiently [32]. To make the
paper self-contained we summarize the result in the
following lemma.
Lemma 2.1. [32] Define
1
πF L (v̂i ) = argmin ∥ŵi − v̂i ∥22 + λ1 ∥ŵi ∥1 + λ2 ∥Rŵi ∥1
2
ŵi
1
πGL (ûi ) = argmin ∥ŵi − ûi ∥22 + λ3 ∥ŵi ∥2 .
2
ŵi
Then the following holds:
π(v̂i ) = πGL (πF L (ŵi )).
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Figure 2: The stacked view of the ground truth model
(left), and models recovered by Lasso (middle) and our
proposed temporal dynamic model (right). Each row
represents a biomarker and each column is a time point.
The sparsity obtained using Lasso is close to random,
while the TDM is able to identify all relevant biomarkers
(and a few false positives) and their temporal patterns.

The fused Lasso projection πF L can be efficiently solved
using [18] and the ℓ1 projection has a closed solution via
can be show to solve Eq. (2.4):
soft-thresholding [28]. We summarize the overall APM
γ
algorithm for solving 2.3 in Algorithm 1.
Pγ,s (w) = f (s) + ⟨∇w f (s), w − s⟩ + ∥w − s∥2F
2
d
∑
Algorithm 1 Optimization Algorithm for Solving 2.3
+λ1 ∥w∥1 + λ2 ∥Rw∥1 + λ3
∥ŵi ∥2
1: Input: w0 , γ0 ∈ R, regularization parameters λ1 ,
i=1
λ2 , λ3 and max iteration number q.
The APM algorithm in Algorithm 1 has conver2: Output: w.
gence speed O( k12 ), where k is the iteration number,
3: Set w1 = w0 , t−1 = 0, and t0 = 1.
which is proven to be the optimal first order conver4: for i = 1 to q do
gence rate.
5:
Set βi = (ti−2 − 1)/ti−1 ,
6:
si = wi + βi (wi − wi−1 ).
3 Experiments
7:
while (true)
8:
Compute w∗ = argminw Pγ,s (si + ∇si L/γi ) In this short paper we only present the experimental
9:
if f (w∗ ) ≤ Pγ,si (w∗ ) then break the while results of an synthetical data; experiments on real-data
loop
will be included in a longer version of this paper.
10:
else set γi = γi × 2.
We design experiment to show that the proposed
11:
end-if
method has the capability of capturing temporal dy12:
end-while
namics in the sense that it gives desired sparsity when
13:
Set wi+1 = w∗ and γi+1 = γi .
patterns of such temporal dynamics presents. We firstly
14:
if stopping criterion is satisfied then break the construct our ground truth model w that consists of 20
for loop.
time points and 100 biomarkers (this in total gives 2000
√
2
features), in which only 23 biomarkers are relevant to
15:
Set ti = (1 + 1 + 4ti−1 )/2.
the prediction and have non-zero weights at a subset
16: end-for
of time points. Among the 23 biomarkers, we assume
17: Set w = wi+1 .
that the weights of each biomarkers are normally distributed such that the weight of one biomarker is peaked
where Pγ,s (w) denotes the proximal operator that randomly at one time point and has a standard devia-

tion of 5, and we set the values that are 3 times less
than the peak value to be zeros. Therefore the model w
simulates the temporal dynamics and the stacked view
(each row represents a biomarker and each column is
a time point) of W is shown in Figure 2 (left). We
then randomly sample 200 data points to form the data
matrix X ∈ R200×1000 ∼ N (0, 1), and generate the label y = Xw + ε where is element-wise Gaussian noise
ε ∼ N (0, 0.1).
We apply Lasso and the proposed temporal dynamic model (TDM) to learn the model, and the parameters are estimated using cross validation. We present
the learnt models in the stacked view in Figure 2. We
see that the sparsity obtained using Lasso is close to
random, while the TDM is able to identify all relevant
biomarkers (and a few false positives) and their temporal patterns. We observe an obvious advantage of
TDM that better recovers the underlying structure of
the model than Lasso.
4 Discussion and Conclusion
Longitudinal study is widely used in medical researches
where measurements of biomarkers are taken from the
same set of patients repeatedly over long periods of time.
In the longitudinal data analysis, few existing method
is able to incorporate the temporal information, and no
existing solution can be used to discover the temporal
dynamics of the biomarkers during predictive modeling.
In this paper we present a novel temporal dynamic
model for predictive modeling on longitudinal data
that simultaneously identifies relevant biomarkers and
discovers the temporal dynamics of these biomarkers.
The proposed model is based on sparse inducing
norms and its structure sparsity is designed according to
the temporal structures of the longitudinal data. Specifically we consider temporal relation of the measurements of the same biomarker at the different stages of
diseases. If the biomarker is not relevant to the prediction task, measurements at all time points should have
zero weights. It also encourages the temporal smoothness that requires the change of measurements at different time point to be small for the same biomarker.
The formulation includes Lasso [28], fused Lasso [18]
and group Lasso [19] as special cases.
The temporal dynamic model requires the longitudinal data to fit into regular time frames or time points.
In some retrospective cohorts, however, patient visit
record may not follow a certain time frames. For example, a patient may only visit the hospital when certain
symptoms occurs. In this case our purposed model cannot be directly applied. However, as long as the patients
are aligned to an anchor time point (the onset of certain disease), one can always select a proper granularity

to aggregate the visit data in a certain time window to
form time points. For instance, we can select a time
window of one year and within each window we average
the visit data into a single measurement to represent
this window.
The pathology of some diseases may be very complex, e.g., the Alzheimer’s disease where the stages of
the disease may have clear boundaries and therefore it
is hard to give the exact stage for a certain patient [24].
Even if we have certain criteria to classify a patient
into categories of Alzheimer’s, mild cognitive impairment and normal control, they are too coarse to be an
anchor for aligning patients. This then raise the problem that how to find an anchor time point and how
we can align the patients when such an anchor cannot be obtained. Indeed domain expert may be able
to provide finer stage information about a patient, but
it is too time consuming for complex diseases such as
Alzheimer’s, even in a small cohort. One promising direction is to design algorithms that automatically align
the patients during the predictive modeling according
the biomarker measurements, which is our plan for future works.
In some studies, due to some reasons the measurement of each time point is not exactly the same. For
example, the image data may not be available at the
2nd time point but still available in the following time
points. In such cases, the proposed formulation can not
be directly applied, since the lengths of the model are
not exactly the same at different time points. But it is
easy to extend the model to handle such ‘missing’ features by adjusting the groups in the group Lasso, i.e.,
allowing groups of different sizes.
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