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ABSTRACT. Multivariate time series classification has been widely wutilized in modeling
and analyzing of complex system. In this paper, a multivariate time series classifica-
tion method based on feature representation and a hierarchical network is established.
First, a representation model that integrates local, global and time-series-dependent fea-
tures is constructed, and a joint loss function is designed to guide model optimization
in extracting discriminative features with enhanced class separability and intrinsic speci-
ficity. Then, a multi-scale feature dataset is generated based on similarity metrics, and
the extreme gradient boosting decision tree is employed to identify the importance of fea-
tures according to different data scales. Further, a hierarchical network that integrated
multi-level feature information is proposed for classification. The area under the receiver
operating characteristic curve (AUROC) and the area under the precision-recall curve
(AUPRC) are considered to measure the performance on a public dataset. Compared
with some baseline models, the proposed method obtains superior performances in both
AUROC and AUPRC.

Keywords: Multivariate time series classification, Feature representation, Hierarchical
network

1. Introduction. In the era of big data, multivariate time series data is widely available
in many fields. By performing classification tasks on multivariate time series, the potential
patterns embedded in the data can be revealed which can help to understand the evolution
laws of complex systems.

Some researchers focus on learning representative subsequences which are important
for time series classification. In [1,2], the Shapelet-based candidate feature representa-
tion method is proposed for handling the data classification. In order to obtain more
distinguishable representation features, contrastive schemes are chosen to conduct repre-
sentation learning of multivariate time series data. In [3], the temporal and contextual
contrastive modules are considered to handle the features of time series. In [4], hierar-
chical contrastive method is utilized for learning feature. Due to the mixed information
contained in time series data, some attention mechanisms are applied in capturing com-
plex features. In [5], a time attention mechanism is applied to obtaining feature. In [6],
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a self-attention model is provided to model time series. To synergize diverse network ar-
chitectures, some attention modules are combined to capture the feature information. In
[7], a kind of multi-channel model with time-aware attention embedding layers is designed
to learn the temporal features. A bidirectional gated recurrent unit (GRU) architecture
with multi-head self-attention module [8] is proposed to simultaneously extract local and
global temporal patterns. Current research demonstrates that effective feature representa-
tion plays a critical role in multivariate time series classification. Due to the high feature
dimensionality of multivariate time series and the highly coupled correlations within the
data, how to fully utilize these multi-modal information and distribution characteristics
to mine key features is still a question which needs further exploration.

Motivated by these facts, the aim of this paper is to establish an information fusion
model to extract multi-scale features for improving the classification performance of time
series. The main contributions of this paper are as follows.

1) A multi-modal feature fusion framework integrating residual dilated-convolution and
GRU is proposed to simultaneously capture local, global, and temporal dependencies,
effectively enhancing class separability while preserving intrinsic specificity of time series.

2) An ensemble hierarchical broad network with multi-scale feature fusion is proposed,
which can improve classification precision by identifying feature importance in different
data scales and integrating different scale prediction results.

The paper is organized as follows. In Section 2, a feature representation method for
multivariate time series is established. In Section 3, an ensemble hierarchical broad net-
work is constructed and the corresponding parameter learning method is designed. Some
numerical examples are provided to demonstrate effectiveness of the model in Section 4.
In Section 5, some conclusions are summarized.

2. Feature Representation Based on Multi-Modal Feature Fusion. This section
presents a temporal data representation model that incorporates multi-modal features.

2.1. Model construction by fusion of multi-modal features. Given a collection

of multivariate time series consisting of N samples X = {X;,..., Xy}, where X; =
[@i1,...,zi7|" € RT*L is the i-th sample, i = 1,..., N, T is the length of the time series
and L is the number of features at each time step. «;; = [%is1,..., %] is the feature

vector at time step ¢, t =1,...,T, where x;,; is the [-th feature, [ =1,..., L. The label
dataset is Y = {y1,...,yn}, where y; = [yi1,...,¥ic| is the label data, and C is the
number of categories.

The overall structure of the model is shown in Figure 1.

Firstly, the random cropping operation [4] is used to augment the data. For each multi-
variate time series sample X, it is subjected to P random cropping operations along the
time dimension to obtain P augmented samples with different starting and ending time
points. The time window for cropping is defined as [ts1,tg1], . - ., [ts.p, t g p] which satisfies
O0<tg1 <---<tgp<tgi1 <---<tgp <T, where the length of the j-th time window
isT; =tg,; —ts;+1>S5;, j=1,..., P. The j-th augmented sample of X is denoted as
Xi;=[Xij1,--- ,Xi7j7Tj]T, where X ;¢ = [%ijt1,- .-, %ijrr]- A set of augmented samples
Xp={X11,....,.X4p,...,XnN1,..., Xnp} consisting of N x P augmented samples can
be obtained.

The first layer of the time-dependent feature-focused representation learning model
(TD-RLM) is the input layer, where X = [zy,...,z7|" is the input value, T is the
number of time steps, x; is the feature vector at time ¢, and L is the number of features
for each time step.



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.21, NO.6, 2025 1559

’ S 7T T T T T o T T T T ~
[ TD-RLM Vo EHB-NET \
I 11 1
: L L. XGBoostl [ HB-Netl !
: | N Dilated : : ) :

nput _— on- Convo- Output
|| Data [+ M PP incartl GRUM Tution {?m.”“?— L XGBoost2 HB-Net2 Results| |
| x Layer Layer usion| | v "
I (I |
| -+ XGBoost3 +  HB-Net3 1
\ I\ /
Input data X ] i EHB-Net H
- ) P ]| XGBoost |
: TD-RLM P l l l .
i . a [— 1
! D A“&'i“':“‘““"" S | HB-Net | [ HB-Net | [ HB-Net |1
1 ! Ty
1 ! 1
i_[ Representation Learning ]: [ Output Results ¥ ]

F1GURE 1. Model workflow diagram

The second layer is the mapping layer. The feature vector a; is mapped onto the
potential vector @y, i.e., ; = ;Wi + by 1, where W is the weight parameter and by,
is the bias vector. The output data of this layer is denoted as X = (@1, ... ,ET]T.

The third layer is the non-linear layer, where X = [&,...,27]" is obtained by non-

linear transformation of X using the GELU activation function: X = OGELU (f ), where

damLu(z) = 0.52 (1 + Granh (\/2/7r (z + 0.044715x3)>> and Gpaun () = S0,

Further, X is fed into the GRU module to extract the time-dependent feature of the
data, which consists of N¢ GRU layers and Ng — 1 dropout layers.

In the first layer of the GRU module, there are two gated units, the reset gate Rgl)

and the update gate Ut(l). These two units are used to control how much of the previous
moment’s hidden state information is retained. They are computed by

1 ~ 1 1 1 1
Rg ) = ¢sigmoid (th}({i + h’wg—)le({,% + bgﬁ)l) (1)
Ut(l) = (bsigmoid (C/EtW(S,ll) + hgl_)l W[(]B + bg/}’)l) (2>

where @gigmoia(2) = 7 +i_$, ngi, WI(%I’%, W[(Jl) and W(SIQ) are the weight parameters, bg,)1

and b8)1 are the bias. The candidate hidden state is denoted by ?I,ﬁl) = Qtanh (ic\tWI(JI)l +

(R,El) ®© h,gl_)1> Wg )2 + bg)l), where Wg )1 and W}EII ; are the weight parameters, bg’)l

is the bias, and ©® is the Hadamard product operation. The output hidden state hgl) is
computed by
B = fy (20 h001) =0 o n + (1-00) o B (3)

T
Accordingly, the output of the first layer of the GRU module H® = [hgl), e h(T1 )

can be obtained. To reduce the risk ofv model O\Lerﬁtting, a dropout operation is applied
to h{" at the dropout layer to obtain A", i.e., B = h{" ® 61, where 6@ is a random
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vector and the elements within the vector take the value 0 with probability d, and take
the value 1/(1 — d,.) with probability 1 — d,..

Similarly, the output at the ¢-th moment of the ng,-th GRU layer is hing ) = fq <?L§ng 71),

hgﬁgl),ng>, where A" ™Y = B @ §=D_ Hence, the output of the GRU module

T (Ng)
L R e RTxds

the local and global features of the samples, the residual dilation convolution module is
applied in the model. The output of the first convolution block M) € RT*4" can be
calculated as follows:

SM = 1, (H(NG), 1)
= fe (H(NG), 1) + <¢GELU (¢GELU (H(NG)) *q() Ws('lf) * (1) WS%) (4)

HWe) = [thG) can be obtained. Further, in order to extract

where di" is the number of feature dimensions, fs(-) is the residual dilation convolution
block calculation formula, *,u) is the dilation convolution operation with the dilation
factor dW, Wéll) and Wélg are the weight parameters of the one-dimensional dilation
convolution operation, and f.(-) is the projection function that ensures dimension match-
ing:

1 . 1 N
fo (HE™6) 1) = HOO e Wiy, it d) 2 dy (5)
‘ ’ HWe), if diV = i

where * is the one-dimensional convolution operation, and Wélg is the corresponding
weight.

The input of the n,-th convolution block is the output of the previous convolution block
Sms=1) 1 < n, < Ng, and its output §) can be expressed as

S(ns) — fC (S(ns—l)’ns) + <¢GELU <¢GELU (S(ns—l)) *d(”s) W‘S(y;nf)> *d(nS) WS({LQS)> <6)

Ns) — [sgNs)’ . S;Ns)]T

The final output of the residual dilation convolution module S¢
can be obtained by performing layer-by-layer operations according to Equation (6). By
using different dilation factors for different layers of convolution blocks, the model can
extract features at various scales.

At the feature fusion layer, SVs) and HNe) are spliced along the feature dimension

to obtain the final output representation Z = [S(NS),H(NG)] € RT™M where M =

dtNs) 4 déNG) is the feature dimension. In this way, the augmented representation dataset
Zp={Z1,....Z1p,...,ZN,,...,Zxp} of Xp can be obtained by the TD-RLM model,
where the representation data of X ; is Z;; = [2i 1, -, Zijm,)"

2.2. Feature representation based on joint loss function. In order to enable the
TD-RLM model to fully exploit the inter-class separability, intra-class diversity and in-
trinsic specificity features of the data, a joint loss function £ [9] consisting of hierarchical
mixed-supervised contrastive loss Lygcr, cross-entropy loss Leog and reconstruction loss
Lgg is chosen to optimize the parameters of the model, which is represented as

L=A1-Luscr +Ap2-Legp+ Aps - Lre (7)

where Az 1, A2 and Az 3 are the weights corresponding to these loss modules, respectively.

In Equation (7), Lgscr, helps to improve the model’s ability to perceive similarity and
difference features between samples. Before computing L ygor, a cropping operation is per-
formed on Zp along the time axis to preserve its data on the overlapping time intervals and
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to obtain the new representation data :’Zp = {2171, e 21713, e ZNJ, cee Z\N’p}, where
~ T ~

Z;;= [2’,;’,1, 2y f} , and T is the number of time steps in the overlapping time inter-
vals. Furthermore, in order to exploit the information at different temporal granularities,

a maximum pooling operation of scale 2 is recursively performed on A p along the time
axis to obtain a representation dataset with Np = Llog2 TJ + 1 granularities, where |-|

is the downward rounding sign. The representation data at the granularity n. is denoted

= (ne) S(ne 5(ne S(ne S(ne . ~(ne o) 17
as 20 = {le), L2 .,z]<V71>7...,z§V,g}, where Z¢) = [zgdg,...,zf’j’%(ne) ,

and T is the length of time at the corresponding granularity. Lgscy, is defined as

Ng N P T(e)

Lser = S g 2o 2o 2 (L™ + 20 (8)

ne=11=1 j=1 t=1

pligtme)) _ _ —1

mire = A, )
eXp( z]t " Ziat

X Z In
=(ne)  o(ne) (ne)  o(ne)
a€A*(i,5) Zmeé(i) Zneg(m) exXp ( 2 gt Zmn t) + ZaeA*(z 7) exp ( Z; it Zia t)

=(ne) A(”e‘) )

o(ne)  z(ne)
eXp( ©,7,t bmnt exp( z t zzut)
(,4,t,(ne)) _ E : § : J § : oJ
LG er + In 10
’ IH* i, 7) ( fre (33,8, (ne)) fno (055, (ne)) (10)

2(ne) ’\(”e))

(9)

meB(i) neA(m a€A*(i,5)
foidit, )= S Y ew (2 f’;eﬁ Zoh)+ > e (20020 (11)
peC(i) g€ A(p) a€A*(i,7)

where Ng is the number of granularities, N is the number of samples, P is the number
of augmented samples, and Lm’fr’fl’(ne) and Lm’fér’ () are the intra-class and inter-class

contrastive losses respectlvely, A*(i,7) is the representation set of augmented samples of

X, expect for Z () and |A* (i, j)| is its cardinality. z( t) is the representation vector of

the j-th augmented sample of X; at time step ¢ under time granularity n.. B (7) is the
set of indicators for all input samples belonging to the same class as X; except for Xj.
Z(m) denotes the set of all augmented samples of sample X,,. H*(7,j) is the set of all
augmented samples belonging to the same class as X; except for X, ;, and |H* (¢, j)| is its
cardinality. C (1) is all input samples expect for X;.

Lcg guides model optimization by comparing the difference between the model’s pre-
dicted outputs and the true labels. The maximum pooling and dropout operations are ap-

plied to obtaining the instance-level representation data Z;; = [zj i1 2 M] € R>M
where 27, = max (2ijtim) - Oms, m = 1,..., M, 6,, takes the value 0 with probability
b4y

d, and takes the value 1/(1 — d,.) with probability 1 — d,. The predicted output value
Y, =1[¥ij1,---»Yijc] is obtained by using Z;; for category probability prediction:

E,j = gbsoftmaac(Zi,jWO,l + bO,l) (12)
where Wy 1 and b ; are the corresponding weight parameters and bias, respectively, and
Gsoftmaz(+) 18 the softmax activation function. Leg is defined as

N A C

LCE— _—Zzzyzc ymc <13)

i=1 j=1 c=1

~ | 1—¢ if yi.#0
Yie = { e/(C—1), ify, =0 (14)
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where ¢ is the smoothing factor.

Lrg allows the model to better capture the intrinsic structure and specificity features of
the sample. The representation data at each time step 2; ;; is first mapped to the original
data space to obtain the reconstructed data x; ;, = [x;j’t’h Ty ,xf7j7t,L}, ie.,

w;ji = Ei,j,tWO,Q + bo72 (15)
where Wy o and bp s are the corresponding weight parameters and bias, respectively.
Then, Lrg can be calculated by the following equation:

1
Lrg = NAT L 2_: 2_: Z Z(x;j,t,l — Tigg)’ (16)

Based on the idea in [9], the weights of the joint loss function are dynamically updated.
For the k-th iteration, the computation is expressed as

M a(k) = 33- exp(Oyr,(k)/7) i
23:1 exp(©r, (k)/T)

where Ly, Ly and L3 are indicative of Lygcr, Log and Lgg, respectively, 7 is the temper-
ature factor, and ©p, (k) is the corresponding amount of loss fluctuation:

|Li(k — 1) — Li(k — 2)|
S| Li(k —1) = Li(k = 2)|’
where L;(k — 1) is the loss value at the (k — 1)-th iteration.
In the process of model training, the parameters to be optimized include weight param-

eters and bias of the mapping layer, the GRU module, the residual dilation convolution
module and the loss function. Parameters W* are determined by solving the equation:

W* = arg minyy L(W) (19)

where L£(+) is the joint loss function defined in Equation (7). The adaptive moment es-
timation with weight decay (AdamW) algorithm [10] is used to solve the optimization
problem (19). Further, in order to alleviate the problem of parameters oscillating near
the optimal solution during the model training process, the stochastic weighted averag-
ing (SWA) method [11] is further employed to synthesize the local optimal solution in
each iteration. WW* can be calculated by W* = N—ID jif; W;, where Np is the number of
iterations, and W; is the model parameter at the ¢-th iteration.

=1,2,3 (17)

O, (k) = =1,2,3 (18)

3. Classification Modeling Based on Ensemble Hierarchical Networks. In this
section, a hierarchical broad network with multi-level features is designed for data classi-
fication.

3.1. Construction of hierarchical broad network with multi-level features. First-
ly, extreme gradient boosting (XGBoost) [12] is chosen to calculate the importance of each
feature, the corresponding feature importance vectors are denoted by V' = [vq, ..., vy].
The sorted data is expressed as Z = [Z1,...,zn]T. By the implementation of feature
importance metrics, the hierarchical broad network (HB-Net) based on multi-level fea-
ture fusion is designed to improve the processing capability of high-dimensional data. The
basic structure is shown in Figure 2.
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FIGURE 2. The architecture of HB-Net

In the construction of HB-Net with N layers, the input data Z is first represented as
a collection of N subsets:

~(1 ~(1 ~(N ~(N
2’§1) . zi,«ih e ZilK) . Z%,df)
~(1 ~(1 ~(N ~(N

where Z®M%) is the Ng-th subset of the input data, and d, = M/Nk is the number of
features contained in each subset. _
The input data for the first sub-layer is X l(ql) = ZW_ In the first sub-layer, feature

mapping operations are first performed on Xg) to obtain Ng) groups of mapped features

{ FO

computation is represented by Fim =9 (XS)W}(,IB + Bgz), where ¢(-) is a nonlinear

q7l

(i =1,..., Né”) } Each group of features contains nH mapped nodes, and the

activation function, W}glz) and 5}12 are weight parameters and biases that are randomly

generated. The total mapped features F(1) = {Fl(l), ceey F](Vl()n} € RV*Q™ can be obtained
Q

N
splicing all the mapped features yields, where QY = 57,9 nflll) . Supplemental learning of

F® by the enhancement mapping operation leads to N ](%1) groups of enhancement features

&

EY =¢ (F(l)Wg} + ,31(91’)@), where W,Sf and BS)Z are weight parameters and biases that

Y2

(z’ =1,...,N 1(%1)> }, each containing n'Y) enhancement nodes which is computed as

(
Ng

are randomly generated. The total enhancement features E(N) = {Eil), .. .,E(l)l)l €

(1)
by splicing all the enhancement features, where R} = Zfi’*’i nfnlz)

The mapped feature F) with the enhancement feature E® is spliced to obtain the
output feature node of the first sub-layer AV = [F(), EW)].

The input data of the ng-th sub-layer consists of the output feature nodes of all previous
sub-layers with a new subset of input features Z™) 1 < n; < Ng. They are spliced to

obtain the input data of the current layer X}?’“) = [A(l), c A Z(”k)] € RVxD™)

where D) = S - ! (@Y + RMY) + dj, is the feature dimension. The internal operation
of this sub-layer is the same as the first sub-layer, the feature mapping operation is

performed first to obtain Ng”“) groups of mapped features {F.("’“)‘ <z =1,... ,Ng”“)> },

RNxR(U

7



1564 D. WANG, J. TANG, W. SONG AND Y. JIN

each containing "f;,;k) mapped nodes: Fi(n’“) = ¢ (Xér n’“) + ,8 ) where ngfzk) and

ngf) are weight parameters and biases that are randomly generated. All the mapped
features are spliced to get the total mapped features of the current sub-layer F(™) =

[Ff”’“), U ]

Similar to the above process, N 1({““) groups of enhancement features E(™) can be ob-

tained. The output feature node of the current sub-layer is A) = [F("k), E(”k)}. The
output feature of the last sub-layer is AN®) = [FNx) E(N)],

Further, based on the broad learning system [13], the predicted output of the model
can be calculated as ¥ = AN )Wo’g, where Wy 3 can be determined by solving the
following optimal problem:

. 2 (6%
arg minw, , J(Wo3) = AN Wo s — Y|, + §HWO,3H§ (21)

-1
The corresponding solution can be expressed as Wy 3 = <aI+A(NK)A(NK)T> ANy,
where I is the unit matrix and « is the regularization factor.

3.2. Ensemble hierarchical broad network construction for multi-scale infor-
mation fusion. In order to effectively utilize the representation information at different
scales, an ensemble hierarchical broad network (EHB-Net) that fuses multi-scale informa-
tion is further proposed.

First, the representation data at different scales are obtained by dividing Z along the
time dimension. Set the start moment of the time window for the first division as 1 and
the end moment as T. Then, the start moment of the time window for each division is
shifted back by the length A;. The ns-th division has a time window with a start moment
of 1+ (ny—1)A,, the end moment of 7', and a time scale of T'— (ny — 1)A,4. The division
is stopped until the start moment exceeds the threshold Sy.

By this step, a multi-scale dataset consisting of N different scales representation data

3= {Z(”f)’(nf =1,..., NF)} can be obtained, where Ny = LT;fdJ +1. By iterating each
element in 3 and performing a global max-pooling operation on it along the time dimen-
sion, the dataset consisting of Nr instance-level representation data with different scales

T
ZF = {Z*(”f)‘(nf =1,...,Np)} can be obtained, where Z*("/) = [zf(nf), . ,zj*v(nf)
A similarity-based filtering strategy is developed to select multi-scale datasets for ensem-

ble modeling. The similarity c,, between Z *(ns) and Z*( is calculated by the following
equation:

«(ng) 1
Zz 1Zm 1 zn{L 5,7)n

Cnf:Jziszf_l( ) S T ()

) is the value of the m-th feature of the i-th sample in Z*"1).

(22)

«(ny

By calculatlng the similarity value of each element in Z* with Z*(), the similari-
ty vector C* = [c1,...,cn,] is obtained. Define the dataset D* = {Z*(} for ensemble
modeling, and denote the number of elements in this set as |D*|. Set the similarity thresh-
old and difference thresholds as S, and S, respectively. For any i € {1,...,|D*|} and
j€{2,...,Np}, if ¢; > S. and |¢; — ¢;| > S,, then Z*() is added to D*; otherwise, D*
remains unchanged. Suppose that there are Ny elements in D* after screening, the output
Y of the EHB-Net model is computed by a weighted sum of Ny HB-Net base models,

where z*
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ie., Y = Zn . wnuYnu, where }/;;u is the output of the n,-th base model and w,,, is the
Welght

The main processes of EHB-Net are summarized as follows.

Step 1. Setting initial parameters of the EHB-Net model: the length Ay, the threshold
Sy, the similarity threshold and difference thresholds as S, and S,,.

Step 2. Based on Ay and Sy, determining the representation dataset 3 and using global
max-pooling operation to obtain Z*.

Step 3. Using similarity threshold S. and difference thresholds S, to obtain the multi-
scale modeling dataset D*.

Step 4. For each scale, using XGBoost to sort the features according to their importance.

Step 5. Computing the output Ynu w1th different scale n,,.

Step 6. Computing the actual output Y by integrating the output Y with different
scale.

4. Simulation Experiment and Analysis.

4.1. Description of dataset and data processing. In this section, simulations are
conducted using the following public dataset to evaluate the effectiveness of the proposed
method. The Physionet 2012 dataset contains the anonymized records of 11,988 Intensive
Care Unit (ICU) patients and aims to predict the risk of death during hospitalization
based on observations recorded during the first 48 hours of a patient’s ICU stay. 7671
samples, 1917 samples, and 2400 samples are respectively chosen as the training set,
validation set, and testing set.

To ensure the reliability of the data, the data are filled using a combination of forward
filling and normalized filling. All data are normalized by subtracting the mean of the
training set and dividing by its standard deviation.

The area AUROC under the receiver operating characteristic (ROC) curve and the
area AUPRC under the precision-recall (PRC) curve are used as evaluation metrics in the
experiments. The high values of AUROC and AUPRC mean that the classification model
achieves better performance.

4.2. Numerical simulation. For the Physionet 2012 dataset, the learning rate is set to
0.0005, the dropout rate is set to 0.2, and the temperature factor is set to 1.

The parameter settings of TD-RLM are as follows. The number of data enhancements
P = 3. The threshold for subsequence cropping S; = 2°. The number of feature dimensions
of the mapping layer D = 64. The number of layers of the residual dilation convolution
block Ng = 3. The feature dimension of the residual dilation convolution block is set to
64. The dimension of the dilation factor is set to 2¥s~1. The dimension of the convolution
kernel is set to 3. The number of layers in the GRU module Ng = 3. The dimension of the
hidden layer state in the GRU module is set to 128. The smoothing factor in cross-entropy
loss € = 0.05. The training epochs N4 = 100. The batch size Ny = 8. The weight decay
factor is 3e-4.

The parameter settings of EHB-Net are as follows. The length of scale-divided nudges
A4 = 2. The starting moment threshold for scale division S; = 24. The similarity threshold
S. = 0.95. The difference threshold S, = 0.01. The number of enhancement feature groups
Npg = 1. The regularization factor a = 0.08.

In order to evaluate the effectiveness of the proposed method, comparisons are made
with some baseline models on the dataset, including Retain [5], AdaCare [14], ConCare
[7] and LGTRL-DE [8]. All baseline models are compared under the same preprocessing
and variable selection conditions.
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Table 1 reports the means and standard deviations of all models under three random
seeds. Due to the fact that AUPRC is more sensitive to the imbalance of data, there are
some differences between AUROC and AUPRC. Compared to the other methods, the
proposed method still achieves better performances on these two indexes.

TABLE 1. Classification results on dataset

Model Retain AdaCare ConCare LGTRL-DE Proposed model
AUROC 824 4+0.2 86.1 £0.2 8.1 403 86.2+0.3 86.7 £ 0.1
AUPRC 453 4+0.8 539+ 0.4 506 0.6 54.8+0.1 54.9 £+ 0.2

In order to verify the effectiveness of each feature extraction module and loss module
in the TD-RLM model, as well as the effectiveness of the HB-Net base model and the
multi-scale ensemble strategy in the EHB-Net, the corresponding ablation experiments
are performed. Table 2 reports the means and standard deviations of all models based on
three random seeds.

TABLE 2. Results of ablation experiments

Model AUROC

Remove convolution module 85.9 £+ 0.3
Remove GRU module 86.5 + 0.1
Remove Lyseor 85.7 + 0.3
Remove Lcg 84.6 + 1.3
Remove Lzg 86.3 £ 0.2
Remove hierarchical structure 86.6 & 0.1
Feature reverse sorting 86.3 £ 0.5
Remove ensemble strategy 86.5 £ 0.1
Proposed model 86.7 + 0.1

The experimental results show that the proposed method achieves optimal performance
on all performance evaluation metrics. These results also illustrate that the individu-
al modules in the representation and classification models play a role in improving the
performance. Meanwhile, it can be seen that the performance of the variant model is re-
duced with the removal of L¢g, Lyscr, and Lrg. These facts mean that the joint function
is beneficial for improving model accuracy.

Simulation experiment under different feature importance analysis methods is conduct-
ed. The results are shown in Table 3, which demonstrate that the EHB-Net model with
XGBoost can capture better feature information.

TABLE 3. Experimental results of different feature importance identifica-
tion methods

Model Random Forest Logistic Regression Lasso Pearson XGBoost
AUROC  86.5 £ 0.1 86.6 = 0.1 86.7 £ 0.1 86.5+ 0.1 86.7 + 0.1

The experimental results with two feature fusion strategies are shown in Table 4. It can
be seen that simple concatenation still obtains satisfactory performance.

Simulation results under different numbers of random cropping operations P are shown
in Table 5. When P = 3, the model can achieve better classification accuracy.
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TABLE 4. Experimental results of different fusion methods

Fusion methods Weighted fusion Simple concatenation
AUROC 86.1 86.2

TABLE 5. Experimental results with different numbers of random cropping operations

Different P 2 3 4
AUROC 854 86.2 86.0

5. Conclusion. In this paper, a feature representation model with a joint loss function
is considered to obtain the multi-scale information. The scale selection principle is for-
mulated to represent multi-scale information for ensemble modeling. A hierarchical-broad
network with multi-level feature fusion is designed for handling time series data classifi-
cation. Although the proposed method achieves good classification performance on the
public dataset, the calculation amount of this model is relatively large. Therefore, in fu-
ture work, we will focus on the lightweight learning method to reduce the computational
complexity and optimize the number of parameters.
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