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Abstract: To diversify, investors should avoid adding assets to their portfolio when their prices exhibit high correlation. Industry 

diversification is a common portfolio diversification method. It is likely that the notion of investing across different industries can 
help achieve portfolio diversification, as companies in different industries are likely to have different revenue and cost drivers. 

However, results across various studies have been mixed. This study seeks to identify a novel application to diversify portfolios to 

overcome the mixed results of industry diversification, through the use of unsupervised time series clustering-based machine learning 

technique. There are various ways of clustering time-series, namely shape-based, model-based and feature-based. Feature-based 
approach faces limitation for the need of equal-length feature vectors, and model-based approach faces limitation in terms of 

scalability. In this research, a shape-based clustering approach, which overcomes the aforementioned limitations, and specifically 

agglomerative hierarchical clustering algorithm (AHC-DTW), with dynamic time warping as the distance measure, is utilized to 

perform diversification. AHC-DTW allows clustering to be conducted across different temporal lengths, many-to-one point 
comparison to measure distances rather than one-to-one point comparison for euclidean distance. Further, AHC-DTW remains robust 

with scaling and shifting, unlike for instance, euclidean approach which requires clustering of the same time length, and is highly 

sensitive to outliers, noise, and transformations. The shape-based clustering approach implemented seeks to match the shapes of time 

series data as closely as possible. Since shape-based clustering technique groups together cumulative stock returns that trends closely 
across time, it will be intuitive that investors investing in more than one stock in the same cluster will not be better off, in contrast to 

diversifying investments across different clusters. Research found clear outperformance of shaped-based cluster diversification 

against industry diversification. Annualized mean return improved by 598 basis points, and Sharpe performance measure improved 

by 337%. Further, research found that AHC-DTW clustering exhibited time persistency. These robust results suggest promise for 
industry practitioners in the utilization of shape-based cluster diversification for enhanced investment portfolio performance. 

 

Keywords: Shape-based Clustering; Agglomerative Hierarchical Clustering; Dynamic Time Warping; Invest; Portfolio 

Management; Portfolio Allocation and Rebalancing; Diversification. 

1. INTRODUCTION 

Diversification of investments occurs when investors 

do not want to put all their eggs in one basket, and 

henceforth, seek to spread the risk of their investment 

portfolio across different investment assets. In this way, 

even as certain assets in the portfolio perform poorly, the 

overall portfolio would generally perform better over 

time.  

In order to best achieve this, Markowitz [1] proposed 

to avoid investing in securities that tend to move together 

over time. Investors should avoid adding assets to their 

portfolio when their prices exhibit high correlation. 

Companies in different industries are likely to have 

different revenue and cost drivers. Those in the same 

industry would typically face similar industry risk and 

exhibit similar financial metrics, such as profit margins, 

debt ratios, and so forth.  It is likely that the notion of 

investing across different industries can help achieve 

portfolio diversification.  

While industry diversification may be useful to 

generate better portfolio returns [2] [3] [4], several papers 

have provided mix performances of the applicability of 

the industry diversification approach [5] [6]. Business 

models of companies within the same industry can differ 

and change over time [7]. In addition, businesses can and 

http://dx.doi.org/10.12785/ijcds/100124 
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are increasingly operating across geographical regions. 

Changes in business models or geographical coverages 

are typically not reflected as a change in industry 

classification. In practice, these result in estimation risks 

due to risk exposures that span beyond the typical industry 

group [8] [9]. 

In this study, we examine stocks listed in the 

Singapore Stock Exchange (SGX). In Figure 1, we plot 
the correlation of stocks listed in Singapore against the 

market benchmark index, or the Straits Times Index 

(STI), segmented by industry classifications. For box plot 

visualization, industries with less than five stocks are 

excluded.  

 
Figure 1.  Intra-Industry Correlation Spread 

It is interesting to note that within each industry 

classification, the spread of correlations against the 

market index are wide, to the extent there exist overlaps of 

correlation ranges of stocks across industries.  

This appears to give insights towards the potential lack 

of diversification when industry classification is to be 

used as a diversification tool. Narrow and diversified 

industry correlation spread ranges should likely lead to 
increased portfolio diversification when industry 

diversification is utilized. Conversely the observed wider 

spreads will likely reduce the usefulness of using industry 

grouping as a diversification criteria.  

With mixed results across various studies on the 

performance of industry diversification, and the poor 

spreads of correlation across industries (as observed in 

Figure 1), this research asks the following question: Can 

the use of machine learning overcome the shortcoming of 

industry diversification, to achieve better portfolio 
performance?  

In particular, the study seeks to identify a novel 

financial application of unsupervised time series 

clustering-based machine learning method, for portfolio 

diversification purposes. 

2. LITERATURE REVIEW 

Clustering is a data mining technique where related or 

homogeneous sets of similar data are grouped together 

without the prior knowledge of each group’s members 

[10].  

There are various ways of clustering time-series, 
namely shape-based, model-based and feature-based. In 

shape-based approach, the shapes of temporal sequenced 

data are as closely matched as possible, using 

conventional clustering methods such as k-means 

clustering or agglomerative hierarchical clustering [11] 

[12], with appropriate distance measures, such as dynamic 

time warping, euclidean distance, or triangle similarity 

measure [13] [14] [15], among others.  In model-based 

approach, raw temporal sequenced data are transformed 

into model parameters, typically a parametric model for 

each temporal sequence, and clustering analysis is 

achieved through conventional clustering algorithms and 

appropriate distance measures [16]. In feature-based 

approach, feature vectors, converted from raw temporal 

sequenced data, are clustered via conventional clustering 

algorithms and appropriate distance measures.  

This study utilizes the shape-based clustering 

approach, as the latter two approaches suffer from 

limitations. Feature-based approach typically requires 

euclidean distance measure as equal length feature vectors 

are computed from temporal data sequences [17], whereas 

stock prices may have differing temporal lengths, which 

may be due to the launch of companies’ initial public 

offerings in the midst of the period of selection. Model-

based approaches have limitations in terms of scalability 

issues [18], and its performance declines when clusters are 

close to one another [19].  

The study specifically utilizes agglomerative 

hierarchical clustering algorithm, with dynamic time 

warping (DTW) as the distance measure (collectively 

hereon referred to as AHC-DTW). DTW allows clustering 

to be conducted across different temporal lengths, many-

to-one point comparison to measure distances rather than 
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one-to-one point comparison for euclidean distance. 

Further, DTW remains robust with scaling and shifting 

[20], unlike for instance, euclidean approach which 

requires clustering of the same time length, and is highly 

sensitive to outliers, noise, and transformations [21]. 

Since shape-based clustering approach groups together 

stock price series that trend closely across time, it will be 

intuitive that investors investing in stocks in the same 
shape-based cluster will not be better off, as compared to 

diversifying their investments across different shaped-

based clusters. 

Shaped-based clustering have been applied in financial 

markets in various contexts. Huang et. al. [22] used a 

shape-based clustering algorithm known as extended 

visualization-induced self-organizing map algorithm to 

find and train the detection of repeatable temporal 

patterns, and showed outperformance against momentum-

based trading strategy [23]. Dose and Cincotti [24] 

applied shaped-based clustering in index tracking and 
found robust forecasting applications. Posch et. al. [25] 

found usefulness in the application of shaped-based 

clustering in identifying structural changes in financial 

markets or portfolios. Other papers utilized shape-based 

clustering and found success at pattern recognition and 

predictive trading strategies [26] [27] [28] [29] [30]. 

Literature reviews have found that application of shape-

based clustering in financial markets have focused on 

performing pattern recognition and predictive trading. 

However, there are a general lack of literature from the 

context of asset diversification and portfolio construction.  

This study aims to study if shape-based clustering 
technique, and specifically AHC-DTW, is useful to 

achieve diversification benefits for portfolios, as 

compared to industry diversification. In particular, the 

paper looks at the Singapore equity market, and studies 

how clusters of similar trending stocks may be formed. 

Research also studies if there are persistence of shape-

based clustering observed over time. The findings will be 

a useful addition to the literature in portfolio management 

and data science, by providing a data mining portfolio 

diversification alternative to portfolio management. 

3. METHODOLOGY 

A. AHC-DTW Clustering  

AHC-DTW clustering technique was applied to 

examine time-series clustering of stocks, for the period 

2015-2017, and sub-periods 2015, 2016 and 2017. We 

mirrored the clustering processes used in [31] [32] [33], 

which describe how AHC-DTW can be performed.  

We performed separate sub-period tests to check for 

anomalies in similarity results trending across the three-

year period. Research excludes cluster sizes with one or 

two stocks; focus will be on clusters with three stocks and 

above to achieve observationally and relationally 

meaningful discussions for portfolio construction.    

B. Simulation of Back-test Performance 

To test the performance of AHC-DTW cluster-

diversified portfolio, we performed a portfolio simulation 

of 10,000 3-asset portfolio for the period under research. 

We tested the performance of AHC-DTW cluster-

diversified portfolio, against industry-diversified 

portfolio. 

Industry diversification: To compute the performance 

of industry-diversified portfolios, we randomly simulated 

10,000 portfolios of single assets. For each portfolio, we 

performed a search for the remaining two assets, such that 

the final three assets in the portfolio are to be of different 

industry classifications, and the overall portfolio’s Sharpe 

performance measure is the most optimal. 

Shape-based cluster diversification: To compute the 

performance of AHC-DTW-diversified portfolios, we 

similarly randomly simulated 10,000 portfolios of single 
assets. For each portfolio, we performed a search for the 

remaining two assets, such that the final three assets in the 

portfolio are to be of different AHC-DTW clusters, and 

the overall portfolio’s Sharpe performance measure is the 

most optimal. 

After the performance of portfolio simulation, 

statistical tests were applied. We performed an assessment 

of normality using D’Agostino-Pearson omnibus test, 

followed by one-way ANOVA or Kruskal–Wallis tests to 

test for statistical significance of the difference of the 

distribution means, depending on the normality results. 

For parametric distributions, Tukey Honestly Significant 
Difference (HSD) test was applied to identify differences 

in mean returns; Dunn-Bonferroni test was applied for 

non-parametric distributions [34] [35] [36].  

C. Data and Analytical Tool 

This research uses the top 82 stocks listed in SGX, 

with STI as a benchmark market index for the Singapore 

equity market.  

From Bloomberg, we extract the daily closing stock 

prices between 2015 to 2017. Cumulative geometric 

return was computed for the full period under review, and 

the sub-periods 2015, 2016 and 2017. Industry 
classifications of each stock under investigation were also 

extracted from Bloomberg.  

The following formulae were used to compute the 

geometric daily return (rt) (1) and annualized variance 

(𝜎𝑡
2) (2) where 𝑑 represents the number of trading days, 𝜔 

represents the weights of asset allocation. Covariance is 

represented by 𝑐𝑜𝑣 or 𝜎 in (3) between the returns of asset 
m and n. For a random variable X, 
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𝑟𝑡 ≜ 𝑙𝑛 𝑅𝑡 = 𝑙𝑛
𝑝𝑡

𝑝𝑡−1
∈  ℝ                          (1) 

𝑉𝑎𝑟[𝑋] ≜ 𝜎𝑡
2 =  

1

𝑇
𝛴𝑡=1

𝑇 (𝑟𝑡 − �̅�)2 ∙ 𝑑 ∈  ℝ, 𝑎𝑛𝑑 𝑉𝑎𝑟[𝑋] ≜ 𝜎𝑡
2 =

𝜔𝑡
𝑇  Σ 𝜔𝑡  ∈  ℝ, 

where Σ =  [

𝜎1,1 ⋯ 𝜎1,𝑁

⋮ ⋱ ⋮
𝜎𝑁,1 ⋯ 𝜎𝑁,𝑁

]                   (2) 

𝐶𝑜𝑣[𝑟𝑚, 𝑟𝑛] ≜ σ𝑚𝑛 = Ε[(𝑟𝑚 − Ε[𝑟𝑚])(𝑟𝑛 − Ε[𝑟𝑛])] ∈  ℝ   (3) 

Sharpe ratio, an evaluative return performance metric, 

is used to compute the excess return over risk free rate, for 

each percentage of risk borne by the investor [37]. Sharpe 

metric is computed using (4). An annualized risk-free rate 

(rf) of 2% is used, approximating the short-term annual 

interest returns of Singapore Government Securities.  

 ∆𝑆(𝑡−1):𝑡 ≜ (
𝑆𝑡

𝑆𝑡−1
− 1) ∀ 𝑆𝑡 = (√𝑇

𝑟𝑡− 𝑟𝑓

√Var[r(𝑡−1):𝑡]
) ∈ ℝ    (4) 

The analytical tool and scripting languages used in this 

research are SAS® Enterprise Miner™ version 14.1 (EM), 

Python and R. 

4. RESULTS AND ANALYSIS 

A. DTW Cluster Constellation Plot 

Relationships between the 20 clusters generated are 

visualized using the cluster constellation plot in Figure 2. 
The plot shows two clear constellation splits, which we 

rename North-East (NE) and South-West (SW) clusters. 

Breakage between NE and SW clusters signifies 

dissimilarities in stock price trends between the two sets 

of clusters. The positions of each cluster in the 

constellation plot also provide clues to the dissimilar price 

movements between each cluster across time.  

 

Figure 2.  AHC-DTW cluster constellation plot 

Of the 20 clusters created, there exist 13 clusters each 
with three stocks and above: Clusters 3, 4, 6, 7, 8, 10 and 

12 exist in the NE cluster; and clusters 1, 2, 5, 9, 11 and 

13 exist in the SW cluster. In this research, we exclude 

Clusters 14 to 20 from our analyses as they each have two 

or less stocks, which will not add further value to our 

research objective to establish meaningful stock clusters. 

B. Cluster Similarity Score 

To find out if trend similarities hold during sub-
periods 2015, 2016, and 2017, cluster similarity scores are 

computed, as shown in Table I.  

These similarity scores are computed based on the 

likelihood of whether stocks within the same 2015 to 

2017 supercluster, will be clustering in the same cluster 

for the sub-periods (i) 2015 (1-year period), (ii) 2015 to 

2016 (2-year period), and (iii) 2015 to 2017 (3-year 

period), weighted by the number of stocks in each cluster. 

Further, in circumstances where clear segmentations are 

possible within each 2015 to 2017 supercluster with two 

or more stocks, each cluster is sub-divided into sub-
clusters.   

Results positively show trend continuation within sub-

periods. For DTW clusters generated for the period 2015-

2017, 91% of the clusters are similar in 2015, followed by 

83% and 67% for 2016 and 2017 respectively.  

Robust similarity scores across the three years of 
observation indicates strong industry and research 

application value. There exists a lack of significant 

similarity decay of clusters across time. In approximation, 

9 of 10, 8 of 10, and 7 of 10 stocks display similar 

clustering trends across the one, two and three-year sub-

periods under investigation respectively. 

TABLE I.  CLUSTER SIMILARITY SCORE 

2015 - 2017 2015 2016 2017 

Clu-

ster 

No. 

Sub-

cluster 

No. 

No. of 

Stocks 

% 

Similarity – 

1 year 

% Similarity 

– 2 years 

% Similarity 

– 3 years 

1 1A 6 100% 100% 83% 

1B 6 83% 83% 67% 

2 2A 6 100% 83% 67% 

2B 4 100% 50% 50% 

3 3A 4 100% 100% 100% 

3B 4 100% 100% 50% 

3C 4 75% 75% 75% 

4 4A 6 100% 83% 50% 

4B 4 100% 100% 75% 

5 5A 2 100% 100% 100% 

5B 6 83% 83% 67% 

6 - 5 80% 80% 60% 

7 - 6 100% 100% 67% 

8 - 3 100% 100% 100% 

9 - 4 75% 75% 50% 

10 - 3 100% 67% 67% 

11 - 3 67% 33% 33% 

12 - 3 67% 33% 33% 

13 - 3 100% 100% 100% 

Weighted Average: 91% 83% 67% 

C. Clustering Analysis  

Cluster summary in Table II shows (i) the cluster-

dominant industry, and (ii) the stocks that are present in 
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each cluster but not explained by the dominant industry 

(despite holding similar price movements).  

TABLE II.  CLUSTER SUMMARY 

Cluster Cluster-Dominant 

Industry 

(Bloomberg Ticker Code) 

 

Stocks present in cluster 

but not explained by 

dominant industry  

(Bloomberg Ticker Code) 

NE 4A Telecommunications, Media 

& Technology 

1. SPH SP Equity [+0.5] 

2. ST SP Equity 

[+0.63] 

3. STH SP Equity 

[+0.36] 

Unexplained Random 

Industry Stock(s) 
1. SCI SP Equity 

[+0.65] 

2. HPL SP Equity [+0.14] 

3. SIE SP Equity [+0.3] 

NE 4B None (Diversified Mid-

Large Capitalization (or 
Cap) Stocks) 

Unexplained Random 

Industry Stock(s) 
1. WIL SP Equity [+0.5] 

2. STE SP Equity [+0.56] 

3. CAPL SP Equity [+0.69] 

4. UIC SP Equity [+0.29] 

NE 8 Financial Services  

1. UOB SP Equity [+0.81] 

2. DBS SP Equity [+0.8] 

3. GE SP Equity [+0.29] 

  

NE 6 None (Diversified Mid-

Large Cap Stocks) 

Unexplained Random 

Industry Stock(s) 
1. OCBC SP Equity [+0.85] 

2. CIT SP Equity [+0.6] 

3. HPAR SP Equity [+0.31] 

4. VMS SP Equity [+0.26] 

5. SIA SP Equity [+0.43] 

NE 3A Commodity 

1. FR SP Equity [+0.33] 

2. OLAM SP Equity [+0.34] 

Property 

1. GUOL SP Equity [+0.28] 

2. OUE SP Equity [+0.41] 

NE 3B Property 

1. HOBEE SP Equity [+0.3] 

2. FCT SP Equity [+0.27] 

3. CT SP Equity [+0.4] 

Transportation 

1. SBUS SP Equity [+0.2] 

NE 3C Property 

1. MINT SP Equity [+0.28] 

2. WINGT SP Equity 

[+0.48] 

3. FPL SP Equity [+0.33] 

4. SUN SP Equity [+0.52] 

  

NE 7 Property 

1. STRTR SP Equity [+0.17] 

2. UEM SP Equity [+0.38] 

3. AREIT SP Equity [+0.44] 

4. PREIT SP Equity [+0.19] 

Unexplained Random 

Industry Stock(s) 
1. HLF SP Equity [+0.27] 

2. FNN SP Equity [+0.22] 

NE 10 None (Diversified Mid Cap 

Stocks) 

Unexplained Random 

Industry Stock(s) 

1. SGX SP Equity [+0.62] 

2. UOL SP Equity [+0.63] 

3. KEP SP Equity [+0.69] 

NE 12 None (Diversified Mid Cap 

Stocks) 

Unexplained Random 

Industry Stock(s) 

1. CD SP Equity [+0.44] 

2. M1 SP Equity [+0.19] 

3. SMM SP Equity [+0.51] 

SW 2A Property 

1. AIT SP Equity [+0.16] 

2. KDCREIT SP Equity 

[+0.3] 

3. MAGIC SP Equity 

Unexplained Random 
Industry Stock(s) 

1. GENS SP Equity [+0.5] 

2. METRO SP Equity 

[+0.31] 

Cluster Cluster-Dominant 

Industry 

(Bloomberg Ticker Code) 

 

Stocks present in cluster 

but not explained by 

dominant industry  

(Bloomberg Ticker Code) 

[+0.32] 

4. SPHREIT SP Equity 

[+0.32] 

SW 2B Property 

1. ART SP Equity [+0.36] 

2. MLT SP Equity [+0.35] 

3. KREIT SP Equity [+0.38] 

4. FSG SP Equity [+0.12] 

  

SW 1A Property 

1. FCOT SP Equity [+0.33] 

2. FIRT SP Equity [+0.28] 

3. GRAN SP Equity [+0.18] 

4. CDREIT SP Equity 

[+0.33] 

5. AAREIT SP Equity 

[+0.25] 

Financial Services  

1. UOBK SP Equity [+0.23] 

SW 1B Property 

1. CCT SP Equity [+0.46] 

2. MCT SP Equity [+0.33] 

3. CRCT SP Equity [+0.3] 

Unexplained Random 
Industry Stock(s) 

1. RFMD SP Equity [+0.23] 

2. KPTT SP Equity [+0.21] 

3. SPOST SP Equity [+0.36] 

SW 9 Utilities & Infrastructure 

1. HPHT SP Equity [+0.4] 

2. KIT SP Equity [+0.16] 

Property 

1. EREIT SP Equity [+0.28] 

2. SML SP Equity [+0.28] 

SW 13 None (Diversified Small Cap 
Stocks) 

Unexplained Random 
Industry Stock(s) 

1. GGR SP Equity [+0.4] 

2. OHL SP Equity [+0.31] 

3. PAC SP Equity [+0.16] 

SW 5A Property 

1. PREH SP Equity [+0.29] 

2. GLL SP Equity [+0.39] 

  

SW 5B Property 

1. FEHT SP Equity [+0.26] 

2. FHT SP Equity [+0.31] 

3. OUEHT SP Equity [+0.3] 

4. SGREIT SP Equity 

[+0.38] 

Unexplained Random 
Industry Stock(s) 

1. CEL SP Equity [+0.16] 

2. SILV SP Equity [+0.25] 

SW 11 None (Diversified Small Cap 

Stocks) 

Unexplained Random 

Industry Stock(s) 

1. SSG SP Equity [+0.28] 

2. RSTON SP Equity [+0.16] 

3. ASCHT SP Equity [+0.27] 

[ ] represents pairwise correlation against market index (STI Index). 

Further insights can be gleaned from the cluster stock 

analysis: 

(A) Clustering Between Non-Industry Related Stocks  

Our results show that stocks from the same cluster 

may not come from the same industry.  

Cluster 4A (Figure 3) comprises Technology, Media 

and Telecommunications (TMT) cluster companies 

Singapore Press Holdings Ltd (SPH SP Equity), 

Singapore Telecommunications Ltd (ST SP Equity) and 

Starhub Ltd (STH SP Equity). Interestingly, Sembcorp 

Industries Ltd (SCI SP Equity) of diversified industries, 

Hotel Properties Ltd (HPL SP Equity) of the hospitality 

industry, and SIA Engineering Co Ltd (SIE SP Equity) of 

the aviation industry share similar trends with the TMT 



 

 

240       Tristan Lim and Chin Sin Ong: Industry Diversification in Portfolio Management …   
 

 

http://journals.uob.edu.bh 

sector stocks. It is likely the idiosyncratic risk and 

performance profile of the latter three stocks coincided 

with the TMT sectorial risk and performance profile.  

Investing in the latter 3 stocks alongside the former TMT 

stocks will likely not improve the diversification effects of 

a stock portfolio. 

Within cluster 4A, the intra-cluster correlation spread 

is wide. Against STI market index, stocks in cluster 4A (N 
= 6) exhibit average correlation of 0.43 and standard 

deviation of 0.20, with observations ranging from 0.14 to 

0.65.  AHC-DTW cluster diagram visually exhibits a 

general downward trend. 

 

Figure 3.  Time-Series Plot - Cluster 4A 

Cluster 4B (Figure 4) comprises mid-to-large 

capitalization stocks Wilmar International Ltd (WIL SP 

Equity) from the commodity industry, Singapore 

Technologies Engineering Ltd (STE SP Equity) from the 

engineering industry, Capitaland Ltd (CAPL SP Equity), a 

property developer, and United Industrial Corp Ltd (UIC 

SP Equity), a relatively smaller capitalization property 

developer.  

Similarly, it is likely the idiosyncratic risk and 

performance profile of the four stocks coincided during 
the time period under observation. Investing in more than 

one stock in the seemingly unrelated, albeit mid-to-large 

capitalization 4B cluster will likely not improve the 

diversification effects of a stock portfolio.  

Within cluster 4B, the intra-cluster correlation spread 

is again wide. Against STI market index, stocks in cluster 

4B (N = 4) exhibit average correlation of 0.51 and 

standard deviation of 0.17, with observations ranging 

from 0.29 to 0.69.  AHC-DTW cluster diagram visually 

exhibits a general sideways trend. 

 

Figure 4.  Time-Series Plot - Cluster 4B 

(B) Clustering Between Industry Related Stocks  

Cluster 8 (Figure 5) comprises financial services 

stocks, including United Overseas Bank Ltd (UOB SP 

Equity), DBS Bank Group Holdings Ltd (DBS SP Equity) 

and insurer Great Eastern Holdings Ltd (GE SP Equity). 

Good time-series correlations are expected for these 

stocks, as they faced similar industry dynamics.  

 

Figure 5.  Time-Series Plot - Cluster 8 

Within cluster 8, the intra-cluster correlation spread is 

wide. Against STI market index, stocks in cluster 8 (N = 

3) exhibit average correlation of 0.63 and standard 

deviation of 0.30, with observations ranging from 0.29 to 

0.81.  AHC-DTW cluster diagram visually demonstrates a 

general slight-upward trend. 

(C) Identification of Exceptional Performers   

Strong and weak performers in certain industries can 

stand out to cluster in separate clusters, allowing star 

performers or fallen angels to be easily identified.  

In our result, the hospitality real estate investment trust 

(REIT) stocks are mainly located in Cluster 5B (Figure 6). 

However, a strong REIT performer Ascendas Hospitality 

Trust (ASCHT SP Equity) is present in Cluster 11 (Figure 
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7), distinctly separated from its hospitality REIT 

counterparts.  

Similarly, an outlier weak performer, M1 Ltd (M1 SP 

Equity), a telecommunications company was found in 

Cluster 12 (Figure 8), distinctly separate from its TMT 

counterparts in Cluster 4A (Figure 3). 

 

Figure 6.  Time-Series Plot - Cluster 5B 

 

Figure 7.  Time-Series Plot - Cluster 11 

 

Figure 8.  Time-Series Plot - Cluster 12 

D. Back-test Performance Analysis 

Results from Table III demonstrated that both mean 
return and Sharpe statistic of the two 10,000 portfolio 

distributions exhibited non-normality. We applied 

Kruskal-Wallis non-parametric test, and observed in 

Table IV that statistically significant difference exists in 

mean return and Sharpe statistic between the industry- and 

AHC-DTW-diversified portfolios. In Table V, Dunn-

Bonferroni ad-hoc test results confirmed the difference 

between all test groups at 1% level of significance. 

TABLE III.  D’AGOSTINO-PERSON OMNIBUS NORMALITY TEST 

p-value Return Sharpe 

Industry-diversified 0* 3.86E-108* 

AHC-DTW-diversified 0* 0* 

* represents statistical significance at 1% level. 

TABLE IV.  KRUSKAL-WALLIS NON-PARAMETRIC TEST 

  Test statistic p-value 

Return 1874.02 0* 

Sharpe 1818.11 0* 

* represents statistical significance at 1% level. 

TABLE V.  DUNN-BONFERRONI NON-PARAMETRIC AD-HOC TEST 

     p-value Industry-diversified AHC-DTW-diversified 

Industry-diversified -1 4.05E-21* 

AHC-DTW-diversified 4.05E-21* -1 
         

* represents statistical significance at 1% level. 

TABLE VI.  RETURN AND SHARPE PERFORMANCE 

% Industry-diversified AHC-DTW-diversified 

Mean Return 
3.28 9.24 

182*  

Mean Sharpe 
7.78 33.98 

337*  

* represents percentage improvement (%) of AHC-DTW diversification. 

 

Analysis yielded interesting insights. On an annualized 

basis, mean return of AHC-DTW-diversified portfolios 

outperformed industry-diversified portfolios by 596 basis 

points. This was a performance improvement of 1.82 

times.  

In addition, DTW-diversified portfolios outperformed 

industry-diversified portfolio by 337% on a risk-adjusted 

basis based on Sharpe ratio, providing 337% higher return 

as compared to industry-diversified portfolios for each 

percentage of portfolio risk borne by investors.  

Robust results demonstrate the usefulness of AHC-

DTW-diversification. 
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5. CONCLUSION AND FUTURE WORK 

In this study, we performed shape-based clustering, or 

specifically AHC-DTW clustering, and found clear 

outperformance against industry-diversification in 

portfolio performance of 10,000 simulated portfolios.  

On an annualized basis, the mean return of AHC-

DTW diversified portfolio outperformed industry 

diversified portfolio by 596 basis points, or a 1.82 times 

improvement. Even with a haircut of 50% [37], 

outperformance was 298 basis points – a significant 
improvement of 0.91 times.  

Aside from identifying outlier stocks performing well 

above or below industry groups, performing shape-based 

clustering also allowed the identification of similar 

trending stocks that are not typically seen as closely 

related in nature, but do somehow cluster together. This 

may likely be due to coincidence, or structural changes 

occurring in the stocks’ underlying business models, 

resulting in similar stock return profiles during time 

periods under observation. As investors, shape-based 

clustering can highlight these factors above, and guide 
investment due diligence towards, for instance, outlier 

performers and allocation of stocks across different shape-

based cluster groups to reduce portfolio risk and optimize 

portfolio return.  

Another interesting find is how stocks that underwent 

shape-based clustering remained in similar cluster groups 

across time. Robust similarity scores across the three 

years of observation indicates strong industry and research 

application value. There exists a lack of significant 

similarity decay of clusters across time. In approximation, 

9 of 10, 8 of 10, and 7 of 10 stocks display similar 
clustering trends across the one, two and three-year sub-

periods under investigation respectively. This persistency 

points towards the possibility of creating predictive 

portfolio construction or rebalancing via shaped-based 

clustering diversification.  

For future work, it will also be interesting to perform 

this study across different financial markets and asset 

classes, to validate the promise that this study provides. 
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