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Abstract

Transfer learning involves transferring prior knowledge
of solving similar problems in order to achieve quick and
efficient solution. The aim of fuzzy transfer learning is
to transfer prior knowledge in an imprecise environment.
Time series like stock market data are non-linear in
nature and movement of stock is uncertain, so it is
quite difficult following the stock market and in decision
making. In this study, we propose a method to forecast
stock market time series in the situation when we can
use prior experience to make decisions. Fuzzy transfer
learning (FuzzyTL) is based on knowledge transfer
in that and adapting rules obtained domain. Three
different stock market time series data sets are used
for comparative study. It is observed that the effect
of knowledge transferring works well together with
smoothing of dependent attributes as the stock market
data fluctuate with time. Finally, we give an empirical
application in Shenzhen stock market with larger data
sets to demonstrate the performance of the model. We
have explored FuzzyTL in time series prediction to
unerstand the essence of FuzzyTL. We were working on
the question of the capability of FuzzyTL in improving
prediction accuracy. From the comparisons, it can be
said fuzzy transfer learning with smoothing improves
prediction accuracy efficiently.

Keywords: Fuzzy transfer learning, time series fore-
casting, stock market data

1 Introduction

Stock market is unpredictable as there are several com-
plex factors influencing its movements. Therefore the
trend of the series is also affected by those factors and by
their non-linear relationship. In stock market forecast-
ing, technical analysis is one of the traditional meth-
ods applied by investors for decision making. There
are some other statistical methods such as autoregres-
sive conditional heteroscedasticity (ARCH) model [1],
generalized ARCH (GARCH) model [2], autoregressive
moving average (ARMA) model [3], autoregressive in-
tegrated moving average (ARIMA) model [3]. All these
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models are different types of regression models assuming
some mathematical distribution, those distributions are
not always followed by realistic stock market time series
data.

Nowadays, several data mining approaches like evo-
lutionary algorithms, artificial neural networks, fuzzy
logic, rough set theory, and their hybridization have
been developed. All these approaches perform well in
forecasting of stock markets. Back propagation neural
network have been used to find the fuzzy relationship
in fuzzy time series [4]. A hybridized genetic algorithm
and neural network model has been developed to pre-
dict stock price index [5]. Caia [6] proposed a hybrid
GA model based on fuzzy time series together with ge-
netic algorithm (FTSGA) working on TAIEX as experi-
mental data set and concluded that the model improved
the accuracy. Teoh et al.[7] proposed a hybrid model
based on multi-order fuzzy time series by using rough
sets theory to mine fuzzy logical relationships from time
series and an adaptive expectation model to improve
forecasting accuracy on TAIEX and National Associa-
tion of Securities Dealers Automated Quotations (NAS-
DAQ) experimental data sets. Pai and Lin [8] developed
a hybrid ARIMA and support vector machine model in
stock price forecasting.

There are several pieces of work on fuzzy time se-
ries. A novel method on fuzzy time series had been pro-
posed by Wang and Mendel [12] involving fuzzification
of real data set, rule generation, rule reduction to reduce
rule redundancy, defuzzification to real value, and finally
forecasting from the analysis. The model had been ap-
plied on truck backer-upper control, Mackey-Glass time
series prediction.

Traditional data mining technologies are not capable
of handling the information when there is a time gap in
their collection periods. Traditional data mining does
not consider the domain transfer concept when inferenc-
ing from information hidden in data. Transfer learning is
the technology which works in situations like domain dif-
ference. It has been successfully applied to several areas
of application like classification problems [13],[14], col-
laborative filtering problems [15], graph-based method
on identifying games [16]. Fuzzy logic based transfer
learning is the new technique which works on infor-
mation with uncertainty, or, in imprecise environment.
Shell and Coupland [17] proposed a fuzzy logic based
transfer learning (TL) to form a prediction model in In-
telligent Environments (IEs). They compared their re-
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sult with the method proposed by Wang and Mendel
[12].

We are motivated by the concept of transferring
knowledge in a similar application domain. We have
learnt from the application of FuzzyTL prediction model
by [17] in Intelligent Environments, and applied our ob-
tained knowledge in the stock market time series, whcih
is a bit different from IEs where the data sources are sen-
sors. But, in both cases FuzzyTL has been applied for
prediction purpose. So, we adapted this concept as the
purpose of both the use cases is prediction. The main
contributions of this paper are : (1) multi-attributes of
stock market data are represented as labeled and unla-
beled data, (2) fuzzy transfer learning (FuzzyTL) is yet
not explored in the time series forecasting, so it has been
explored in time series of stock market price with modi-
fication, (3) FuzzyTL has been applied on three different
stock market time series for results comparison with the
model proposed by Wang and Mendel [12], Chen[18],
and Cheng [19], and (4) a case study on Shenzhen stock
price with a larger data set.

The remainder of this paper is organized as follows.
First, there is a brief discussion on transfer learning in
Section 2. In Section 3, we introduce fuzzy transfer
learning. Our proposed approach is presented in Sec-
tion 4. Data sets descriptions are given in Section 5.
Results and discussions have been presented in Section
6. A case study on Shenzhen stock price is elaborated
in Section 7. In section 8, we have summerized our work
and discussed limitations of it. Finally, our conclusions
and future research directions are presented in Section
9. The appendix is given thereafter.

2 Basic of transfer learning (TL)

Transfer learning (TL) contains two principle elements,
a Domain and a Task. Pan and Yang [9] defined Do-
main as a pair of two components : a feature space
X and a marginal probability distribution P(X) where
X = x1, x2, ..., xn and Task as a pair of two compo-
nents : a label space Y = y1, y2, ..., yn and a predictive
function f(.). The predictive function can be learned
from the training data which is a pair (xi, yi), xi ∈
X and yi ∈ Y . The source domain can be defined as
Ds = (xs1 , ys1), (xs2 , ys2), ..., (xsn , ysn), where xs ∈ X
is the input data point and ys ∈ Y is the correspond-
ing label. The task domain can be defined as Dt =
(xt1 , yt1), (xt2 , yt2), ..., (xtn , ytn), where xt ∈ X is the in-
put data point and yt ∈ Y is the corresponding output.

Transfer learning (TL) can be defined as : ([9], [10])
Given a source domain Ds and a learning task Ts, a
target domain Dt and a learning task Tt, objective of
the TL process is to improve the learning of a new task
Tt through the transfer of knowledge from previously-
acquired knowledge or task Ts by the learning of the
predictive function ft(.) in the target domain Dt where,

Ds 6= Dt or Ts 6= Tt.
When the source and target domains are the same

(Ds = Dt) and their learning tasks are also same (Ts =
Tt), then the learning problem becomes a traditional ma-
chine learning problem. Based on the application point
of view, TL techniques can be classified into four cate-
gories such as (a) Neural network in transfer learning,
(b) Bayesian techniques in transfer learning, (c) fuzzy
logic in transfer learning, and (d) transfer learning with
evolutionary algorithms [11].

In this work we are focusing on fuzzy transfer learning
in stock market time series analysis and prediction. It is
discussed briefly in the following section.

3 Fuzzy transfer learning
(FuzzyTL)

FuzzyTL is the combination of fuzzy logic (FL) and TL
to bridge the knowledge gap by the learning process and
an adaptation from the learning process of one context
to another. The change of context may be due to change
of domain, missing information, change of situation etc.
TL has the ability to transfer knowledge from one situ-
ation to another. Here, knowledge can be in the form of
information.

There are two distinct processes : one is transferring
the fuzzy concepts along with their inter relationship and
another is the adaptation of the fuzzy concepts.
In the first process, source data are used to develop
Fuzzy Inference System (FIS), which consists of fuzzy
sets and fuzzy rules. FIS captures the knowledge from
the source and is used to transfer it to the target task.
The second process is the adaptation of the FIS. The
adaptation process uses the knowledge learned from pre-
vious information to the unlabeled task data set. This
process adapts the individual components of the FIS to
capture the variations in the data. Alterations and vari-
ations from situation to situation are absorbed through
the changes made within the domains of the fuzzy sets
and adaptations of the rulebase.

� Fuzzy framework for producing output:

1. In FuzzyTL, a source domain Ds can be de-
fined as

Ds = {(xs1, xs2, ys)}Ns (1)

where x1, x2 ∈ X are inputs, y ∈ Y is an
output, and N is the number of data tuples
in the source domain. The domains of the
each input and output are the intervals, i.e.,
the universe of discourse of that particular do-
main. Based on this definition, a source do-
main can be defined using the interval denoted
as DI

s = {[x1sL, x1sR], [x2sL, x2sR], [ysL, y
s
R]}.
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A domain with fuzzy sets of two inputs and a
output is defined as

Ds = {(fXs
1 ,

f Xs
2 ,

f Y s)}Ns (2)

where fXs
1 and fXs

2 are fuzzy inputs and fY s

is the fuzzy output.
The universe of discourse of each input and
output is partitioned into equal number of par-
titions or unequal number of partitions as per
the requirement. Membership function of the
fuzzy sets can be Gaussian, Triangular etc.

2. Fuzzy rulebase :
Rulebase containing two antecedent and one
consequent sets can be constructed as :

R = {fXr
1 ,

f Xr
2 ,

f Y r}P (3)

where X1 and X2 are the inputs, Y is the
output, and P is the number of rules. This
rulebase is called exhaustive rulebase when
P = N .

If N is large, then the number of rules is also
large. So, the rulebase is reduced by the fol-
lowing mechanism proposed by Shell and Cou-
pland [17], which will be discussed in next step
Transferring fuzzy concepts.

After reducing the rulebase, fuzzy sets are de-
fuzzified to get the output of the target domain
by using the method proposed by Wang and
Mendel [12], given in Appendix.

3. Transferring fuzzy concepts : This is the
first stage of generating the FIS (Fuzzy Infer-
ence System) of FuzzyTL. This method uses
numerical data of labeled data i.e., the pair of
input and output to produce the sets and rules
which are previously discussed. A rule reduc-
tion method is used to reduce the repetition of
rules and the impact of anomalous data, and
increases the use of information mostly sup-
ported by the numerical data. Fuzzy frequency
measure [17] is used to form the reduced rule-
base. This concept extends the Wang-Mendel
method.

In standard Wang-Mendel method [12], the
membership values of each data instance
are used to decide the strength of a rule.
In [17], the FuzzyTL framework uses a
frequency value for each rule according to
the number of the repetition of their an-
tecedents to capture more information from
the exhaustive rulebase. FuzzyTL uses the
following fuzzy measure function for each rule :

µFreq(F ) = e

−(Fr − c)2

2σ2 (4)

where Fr is the frequency of each rule which is
the input to the function, c is the value Fmax

that denotes the quantity of highest occurring
rule, σ is {(Fmax − Fmin) × 0.5}, and Fmin

denotes the quantity of lowest occurring rules.

� Adaptation of the fuzzy concepts :
The adaptation of the fuzzy concept consists of the
following five stages :

1. External input domain adjustment :
Input domains of the source are adapted ac-
cording to the target task when a knowledge
gap occurs due to the target inputs outside
the respective intervals. It is adapted if it is
needed as an input domain of the target inputs.
The input intervals are adapted if the value
extends beyond the left or right boundaries.
The boundaries are adjusted based on the data
from target domain. Each input is compared
with the respective interval, if it is less than
the left boundary, then the left boundary is
decreased to that input value, if it is greater
than the right boundary, then right boundary
is increased to that input value.

2. Internal input domain adjustment :
This work also focuses on input domain
adaptation when the knowledge gap occurs
due to fully or partially overlapped intervals
of source and target tasks. It also works
on input domains. Source input domains
are transferred to adapt the knowledge gap
according to target the input domains. The
whole process are described below in few
steps.
Step 1: The target input intervals are com-
pared to the source input intervals [xl, xr].
Step 2: The adaptation procedure uses the
local minimum and maximum of the target
values to compare with the source values.
Step 3: If one, or both of these values lie
within the interval that is represented by the
source values xl and xr, a proximity measure
[17] is calculated to decide whether the domain
is able to adapt or not. The measure taken is
assigning a membership function based on the
source input domain interval.
Step 4: Here, in this procedure, a threshold
value is considered above which the member-
ship function of those intervals is adapted.
Otherwise, the local minimum and maximum
are accepted as lower and upper end points of
target values.

3. Output domain adaptation :
The adaptation of the output generated from
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the framework is itself based upon the target
domain. Gradient control [17] mechanism is
used to adapt the knowledge gap in target
consequent sets. There are few steps described
below.
Step 1: m sized sliding window data of source
and target domain are collected for each input
x ∈ X and output y ∈ Y . The output values
for target domain are generated beforehand
by the framework of the fuzzy set itself using
Wang-Mendel [12] defuzzification procedure.
Step 2: Gradients are calculated for each
input and output of source data set, taking
the mean and standard deviation of those
elements within n window size. The gradients
are obtained by normalization based on the
standard score method defined as

z =
x − x̄

σ
(5)

where z is the gradient of input or output par-
ticular x, x̄ is the mean, and σ is the standard
deviation of the sliding window.
Step 3: Gradients are compared with each
other at each individual input value.
Step 4: The differences within the source
and target gradients show the knowledge gaps
which are required to adapt for improvising
the unlabeled data. The consequent adapta-
tion can be expressed as

dDa = φ

n∑
i=1

(gsi − gti) (6)

where dDa denotes the delta to adapt the
consequent sets, φ is a learning parameter
that can be user defined [17], gs and gt are the
gradients of source and target data for sliding
window size n respectively.

Positive differences between source target
output gradients produce a reduction in the
domain, whereas negative differences initiate
the enlargement of the domain.

The previous three stages consider the domain
adaptation of the fuzzy sets. The following
stages describe the adaptation of the fuzzy
rulebase.

4. Rulebase modification according to the
adaptation rulebase :
Exhaustive rulebase is used to produce an
adaptive rulebase. Reduced rulebase and
adaptive rulebase are compared to get the
final rulebase. Reduced rules are examined
and applied to the target domain data to

check their applicability. The exhaustive
rulebase is evaluated iteratively to find the
most used rules with greater weighting, which
shows greater applicability of those rules
within the target domain. The steps are listed
given below.
Step 1: Examine the exhaustive rulebase to
identify the rules those fire using the target
input data.
Step 2: Rules those fire with the highest
membership value from each data point are
kept as adaptive rulebase.
Step 3: The adaptive rulebase is compared
to the reduced rulebase. The better is kept
in adaptive rulebase. Any rule which is in
reduced rulebase but not in adaptive rulebase,
then that rule is added in the adaptive rule-
base.

5. Rule adaptation using Euclidean dis-
tance measure :
The knowledge gap is not fully covered by pre-
viously learned information, it needs new in-
formation to remove incompleteness. To do so,
the formation of antecedent sets based on do-
main adaptation, described in previous stages,
is required to move input domains of the target
towards the true state. In the case of the conse-
quent set, the euclidean distance based on the
source input values against the target input
values is evaluated. The source output cor-
responding to the closest source input values
represent the target output of the correspond-
ing target inputs, for which Euclidean distance
measure is calculated.

4 Proposed approach

Transfer learning (TL) can transfer knowledge in the
form of information gained through past experience to
utilize the same in the similar or sort of similar do-
mains of problem. In this paper, FuzzyTL is applied
with modification to study the stock market data where
we use a set of labeled data to acquire knowledge and
the gained knowledge is used on unlabeled data predic-
tion. Stock market data has basic indexes high price, low
price, opening price, closing price, volume etc., among
them, high and low price represents input pair whereas
closing price represents output. In case of labeled data,
the mentioned inputs and output are known. As ex-
ample, 241 data points are used as labeled data and 84
data points are used as unlabeled data of the BSE stock
market where inputs high and low price are known, but
it is assumed that output closing prices are unknown.
Another important thing is that, as current time point
data are highly dependent on just the previous histori-
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cal data points, we have used here adaptive forecasting.
Adaptive forecasting is a smoothing technique with the
just the previous history along with a smoothing factor.

Labeled data set is fuzzified to form the framework of
FuzzyTL which is previously mentioned. Then n num-
ber of rules in an exhaustive rulebase are formed based
on maximum membership in their respective input or
output region where there are n number data points are
considered in labeled data. To reduce the exhaustive
rulebase, the method in section Transferring fuzzy
concepts is used. Then the Wang-Mendel defuzzifica-
tion method is used to get the output for unlabeled data
set.

To transfer the knowledge present in the domain as
well as in rulebase all the steps like, External input
domain adjustment, Internal input domain adjustment,
Output domain adaptation according to the adaptation
rulebase, discussed previously, are utilized. To transfer
knowledge from the rulebase, we have followed separate
steps, which are not similar to the forth and fifth stages
described in previous section.

4.1 Adapted rule reduction :

In this section, we describe the modification of FuzzyTL
for our approach. The output values for the target do-
main are generated beforehand by the fuzzy sets frame-
work itself using Wang-Mendel [12] defuzzification pro-
cedure. Now, using the target inputs we find the universe
of discourse of the target output and we partition the
universe into some region. Gaussian memberships are
calculated in each region for each target output. Maxi-
mum membership gives the inclusion of each target value
in a particular region and the rules are generated. There
are some repetitions in the rules. So, rules with the same
antecedent and consequent fuzzy sets form a group and
represented by one rule. Using those combined rules and
Wang-Mendel defuzzification method, we get the final
target output values.

Another methodology using smoothing factor on just
previous output, the current output is calculated. This
is called adaptive forecasting. The equation is given
below.

Ft = Ot−1 + α× (defuzzFt − Ot−1) (7)

where Ft is the predicted value at tth time point, Ot−1

represents closing price value at (t − 1)th time point
as it is output in our work, α is the smoothing factor
where 0 < α < 1, and defuzzFt is the defuzzified value
of tth data point.

5 Data sets descriptions

Stock market data are multi-attribute in nature and
stock market prediction depends on several factors so it

Table 1: Maximum and minimum of labeled BSE data

Maximum Minimum
input1 28822.369141 20255.519531
input2 28538.439453 19963.119141
output 28693.990234 20193.349609

is quite difficult to build forecasting models for itself.
As there are several factors for stock exchange ups and
downs, it is non-linear in pattern. In our work, basic
indices of stock exchange time series data such as high
price, low price and closing price are used to build up the
models. Time series data from three different stock ex-
changes are collected as labeled and unlabeled data sets.

� Bombay stock exchange (BSE):
BSE’s popular equity index - the S&P BSE
SENSEX- is India’s mostly tracked stock market
benchmark index. There are several types of work
i.e., stock market analysis, forecasting models on
BSE data [20], [21]. In our work, labeled data sets
are collected daily from Jan to Dec, 2014 (241 data
points) and unlabeled data sets are collected daily
from Jan to April, 2015 (84 data points) [24].

� New York stock exchange (NYSE):
NYSE is American stock exchange, hugely analysed
in several research works [22], [23]. In our work,
labeled data set is collected daily from Jan to Dec,
2014 (252 data points) and unlabeled data set
collected daily from Jan to April, 2015 (82 data
points) are used [25].

� Taiwan stock exchange corporation
(TAIEX):
TAIEX is Taiwan stock exchange benchmark index.
It is also hugely used in several analyses [6], [7]. In
our work, labeled data set is collected daily from
Jan to Dec, 2014 (247 data points) and unlabeled
data set collected daily from Jan to April, 2015 (81
data points) are used [26].

6 Result and discussion

Stock indices of high and low price are used as the pair
of input and closing price as output. Number of labeled
data and unlabeled data are described in section 5 for
each BSE, NYSE and TAIEX time series.

Here, each input and output data set are partitioned
into 10 overlapping regions, which are represented by
10 linguistic variables. The maximum and minimum
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are used to decide the universe of discourse (UOD). Ta-
ble 1, Table 2, Table 3, and Table 4 show the details
for the BSE time series. Similar details have been ob-
tained for NYSE and TAIEX time series. Table 1 shows
the maximum and minimum for high price (input1), low
price (input2), and closing price (output) of BSE. UOD
is [19000, 29000] for each input1, input2, and output.
Gaussian membership is calculated for each data point
in each region. Based on the maximum value linguis-
tic is assigned to the respective data point. Then, an
exhaustive rulebase is obtained.

To reduce repeating the rules, the method proposed by
Shell and Coupland [17] is followed and we get the num-
ber of groups and the members in each group which is
shown in Table 2. Table 3 depicts the reduced rulebase.
Input domains are adopted using the first three stages
of adaptation of the fuzzy concepts method described in
section 3.

Then, Wang-Mendel defuzzification method is used to
get the target output from FuzzyTL framework. The
adapted target input domain and the target output orig-
inated from FuzzyTL are used to produce a new set of
rulebase for target data set. First, UODs are found out,
then those are partitioned into 10 regions. A Gaussian
membership is assigned to each data point with respect
to each region. The rulebase is generated based on the
maximum membership. Then, the repeated rules are re-
duced to get the final set of rulebase. Table 4 shows the
number of groups and the members of each group for the
target data set. Finally, Wang-Mendel defuzzification is
used to get the final target outputs.

It is well known that, the movement of current stock
market data highly depends on its previous historical
data. So, we have tried smoothing techniques, the ex-
pressions which is given in equation (7). The result com-
parisons of three stock market data are given in Table 5.
Root mean square errors (RMSEs) of proposed model to-
gether with Wang-Mendel method [12], Chen [18] model,
and Cheng [19] models have been presented. In Ta-
ble 5, the columns with Wang-Mendel (WM) method
and FuzzyTL with WM are the existing approaches.
Our novelty lies in applying the existing FuzzyTL with
WM existing method in stock market data and adding
smoothing coefficients with the existing method. Com-
parison exhibiting an improved accuracy as compared to
the results obtained in existing methods given in Table 5.
RMSE on FuzzyTL with smoothing factors α = 0.001
and α = 0.01 are also depicted in Table 5. From the
result, it is observed that FuzzyTL performs better than
the Wang-Mendel [12], Chen [18], and Cheng [19] meth-
ods in learning and transferring experience from past
information to uncover better future inferences.

Figure 1, Figure 2, and Figure 3 respectively show the
actual and forecasted stock market time series of BSE,
NYSE and TAIEX for unlabeled data.

The time complexity of an algorithm depends on

the execution time of each statement of the code. In
FuzzyTL code, as well as, the Wang-Mendel code, for
time series prediction, we have used a block of codes
where the exhaustive rulebase is generated for source do-
main. In case of transfer learning, number of unlabeled
data is less than number of labeled data. Labeled data
are considered as source domain and unlabeled data as
target domain. In that block of codes, we need to use
the for-loop N2-times, where N is the number of source
data points. So, time complexity of the Wang-Mendel
code is O(N2). But, FuzzyTL takes little bit more time
comparison to Wang-Mendel method as the same block
of code is used for target domain. If M is the number of
target data points, then time complexity of FuzzyTL is
O(N2 +M2) where N > M .

7 Case study on Shenzhen stock
prices

Economic conditions in China hugely depend on stock
price movements. Shenzhen stock exchange is one of
the three stock exchanges in China. There are several
existing works on Shenzhen stock exchange [27], [28].
Opening, high, low, and closing prices of 30 stocks are
collected and analyzed. There are 573 data points of
each stock from 11th April, 2004 to 3rd Dec, 2015.
Among these long period time series data points, we
have considered 80% as labeled data and remaining as
unlabeled data. Deciding the domains or UODs of 20%
target data points are difficult in case of some Shenzhen
stock prices because the time series have sudden ups and
downs. The domains are adapted using first step Exter-
nal input domain adjustment discussed in adapta-
tion of the fuzzy concepts method described in section
3. The output values for target domain are obtained
by adapted Wang-Mendel method [12] after generating
the set of reduced rules from labeled data. Some of the
stock’s original and predicted movement on unlabeled
data are shown in Figure 4. RMSE comparison between
Wang-Mendel method [12] and FuzzyTL are shown in
Table 6. It is observed that the forecasting model by
using FuzzyTL performs better in most of the cases in
comparison to the model by Wang-Mendel [12]. Bold
face fonts shows the better results in Table 6.

7.1 Statistical significant test

In this subsection, we elaborate the non-parametric sta-
tistical test Wilcoxon signed-ranks test to test the signif-
icant difference between two methods: (1) WM method,
and (2) FuzzyTL in time series forecasting. This sta-
tistical test examines the null-hypothesis that both the
methodologies perform equally well. Data sets on 29
stocks of the Shenzhen stock exchange are used to ob-
serve the performance of the two mentioned methodolo-
gies. RMSEs are tabulated in Table 6 for the actual and
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Table 2: Exhaustive rulebase for labeled BSE data (Total no of group 25)

Gr. Members

0 0, 9, 10, 11, 12, 13, 14, 15, 16, 17, 44, 45, 46, 49, 50, 51, 53, 54, 55

1 1, 40, 42

2 2, 3, 4, 5, 6, 7, 18, 19, 20, 21, 22, 23, 25, 26, 27,
28, 29, 30, 31, 32, 33, 34, 35, 36, 37, 38, 39

3 8, 41, 43

4 24

5 47, 48, 52

6 56, 57

7 58, 59, 60, 61, 62, 63, 64, 65, 66, 67, 68, 69, 70, 71, 72,
73, 74, 75, 76, 77, 78, 79, 80, 81, 82, 83, 84

8 85

9 86, 88, 89

10 87

11 90

12 91, 92, 93, 94, 95, 97, 98, 99, 100, 101, 102, 103

13 96

14 104, 116, 130, 131

15 105, 106, 107, 108, 109, 110, 111, 112, 113, 114, 115, 117, 118, 119, 120, 121, 122, 123, 124,
125, 128, 129, 132, 133, 134, 135, 136, 144, 145, 146, 147, 148, 149, 150, 151, 152

16 126, 137, 142, 153, 193

17 127, 141, 143, 192

18 138, 139, 140, 154, 155, 156, 157, 158, 159, 160, 161, 162, 163,
173, 174, 175, 180, 181, 182, 183, 184, 185, 186, 187, 188,

189, 190, 191, 194, 195, 196, 197, 198, 199, 233

19 164, 166, 167, 172, 176, 178, 200, 234

20 165, 168, 169, 170, 177, 201, 202, 203, 205, 207, 228, 229, 230, 231, 235, 236, 237, 238, 239, 240

21 171, 179, 232

22 204, 206, 209, 227

23 208, 210, 211, 213, 214

24 212, 215, 216, 217, 218, 219, 220, 221, 222, 223, 224, 225, 226
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Figure 1: BSE unlabeled data from Jan to April, 2015
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Figure 3: TAIEX unlabeled data from Jan to April, 2015
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Table 3: Reduced rulebase of labeled BSE data

If x1 is l3 and x2 is l3 then y is l3
If x1 is l3 and x2 is l2 then y is l2
If x1 is l2 and x2 is l2 then y is l2
If x1 is l3 and x2 is l2 then y is l3
If x1 is l2 and x2 is l1 then y is l2
If x1 is l4 and x2 is l3 then y is l3
If x1 is l4 and x2 is l3 then y is l4
If x1 is l4 and x2 is l4 then y is l4
If x1 is l5 and x2 is l4 then y is l4
If x1 is l5 and x2 is l5 then y is l5
If x1 is l6 and x2 is l5 then y is l5
If x1 is l7 and x2 is l5 then y is l6
If x1 is l6 and x2 is l6 then y is l6
If x1 is l7 and x2 is l6 then y is l6
If x1 is l7 and x2 is l6 then y is l7
If x1 is l7 and x2 is l7 then y is l7
If x1 is l8 and x2 is l7 then y is l8
If x1 is l8 and x2 is l7 then y is l7
If x1 is l8 and x2 is l8 then y is l8
If x1 is l9 and x2 is l8 then y is l9
If x1 is l9 and x2 is l9 then y is l9
If x1 is l9 and x2 is l8 then y is l8
If x1 is l10 and x2 is l9 then y is l9
If x1 is l10 and x2 is l9 then y is l10
If x1 is l10 and x2 is l10 then y is l10

predicted values using two methodologies. In Table 6,
differences, absolute differences, and ranks based on dif-
ferences are also tabulated. Exact critical value, say T
is calculated as min(R+, R−), where R+ is the sum of
the ranks for the data sets on which second methodology
outperformed the first, and R− is the sum of the ranks
for the others. For larger number of data sets, if the
statistics

z =
T − 1

4N(N + 1)√
1
24N(N + 1)(2N + 1)

(8)

is smaller than -1.96 with confidence level α =
0.05, then null-hypothesis can be rejected where N
is the number of data sets. Here, in our case,
T = min(R+, R−) = min(401, 34) = 34,
N = 29,z = − 3.96785. So, we can conclude that
null-hypothesis can be rejected and the two methodolo-
gies have significant difference.

8 Summarization and limitation

Our motivation for this work is to implement fuzzy
transfer learning concepts in time series prediction. For
domain transfer concept we have used multi-attributed
time series. To adapt the transferred knowledge, do-
main of discourses are adjusted and then rule base have

been generated. The proposed approach has been imple-
mented on stock market time series and result compar-
isons have been provided considering traditional fuzzy
time series models. So, main advantage of this work is
to implement transfer learning in time series prediction.

There are two main steps in FuzzyTL: domain adjust-
ment and rule base generation. For our model building,
we have considered the unlabeled data as labeled data.
In creating an adapted rule base, we have used Wang-
Mendel [12] defuzzification procedure as we are dealing
with unlabeled data. If we apply the FuzzyTL in pre-
dicting proper labeled data, classification algorithms can
be implemented to get the predicting attributes. Using
proper labeled data and deciding predicted attributes for
reduced rule base have not been considered in our work,
which may be considered as limitations of this work.

9 Conclusion

A novel FuzzyTL for time series forecasting has been
proposed in this paper. The concept of learning from
labeled data and transferring the knowledge (or experi-
ence) to make a decision on unlabeled data is applied to
some extent. Proposed approach has advantage as well
as some limitations due to the use of unlabeled data. It
was observed in previous pieces of work that the current
time point value is highly dependent on just the previous
or some of the previous time point values on time series
analysis. So, here we have implemented this observation
as it is true in case of stock market data. Wang-Mendel
method [12] used this characteristic of time series anal-
ysis to predict Mackey-Glass time series. Here, we have
considered the same concept on stock price time series
prediction. It is observed that FuzzyTL with smoothing
and without smoothing work better in comparison to
Wang-Mendel method [12]. Also, it is performing well
in comparison to some traditional fuzzy time series mod-
els, where transfer learning concept is not considered.

In future, we can apply all the five stages (discussed
in section 3) of TL adaptation for better performance.
Also rule reduction can be improved by using rough set
theory.

Appendix

10 Wang-Mendel defuzzification
method :

After finding the exhaustive rulebase, weighting is as-
signed to each rule, based on that and similar an-
tecedents of rules , a reduced rulebase or combined fuzzy
rulebase is generated. First, for a given input (x1, x2),
we combine the antecedents of the ith fuzzy rule using
product operation to decide the degree diOi

of the output
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Table 4: Adapted reduced rulebase for unlabeled BSE data (Total no of group 13)

Group Members
0 0
1 1, 11, 12
2 2, 27, 56, 57, 58, 59, 62, 63, 64, 65, 76, 78, 79
3 3, 4
4 5, 6, 7, 8, 60, 61, 77, 80, 81, 82
5 9
6 10
7 13, 14, 24, 30, 40, 70
8 15, 16, 21, 22, 23, 36, 37, 38, 39, 46, 50, 71, 72
9 17, 31, 32, 33, 34, 35, 41, 42, 44, 45
10 18, 19, 20, 43
11 25, 26, 28, 29, 47, 48, 49, 51, 52, 53, 54,

55, 66, 67, 68, 69, 73, 74, 75
12 83

Table 5: Root mean square error (RMSE) for unlabeled BSE, NYSE, TAIEX data

Time Wang-Mendel (WM) Chen Cheng FuzzyTL
series method Model Model α=0.001 α =0.01 No smoothing(FuzzyTL WM)
BSE 1150.3713 688.9020 387.6920 274.0837 273.4513 457.1822

NYSE 240.6533 103.7715 103.9815 86.0553 86.0666 98.6410
TAIEX 263.9279 88.8127 86.4081 62.7620 62.7070 68.2226

y corresponding to (x1, x2), i.e.,

diOi
= mi

I1(x1)mi
I2(x2) (9)

where Oi denotes the output region of the ith rule,
mi

I1
(x1) denotes the membership of the input x1 at

Ii1 region of the ith rule and mi
I2

(x2) denotes the

membership of the input x2 at Ii2 region of the ith rule.
The centroid defuzzification formula to map the output
in crisp value is given following:

y =

∑r
i=1 d

i
Oi
ȳi∑r

i=1 d
i
Oi

(10)

where y is the crisp output, ȳi is the center value of the
region Oi of the ith rule and r is the number of combined
rules.
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