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Abstract: This paper presents a new clustering and dimension reduction algorithm that processes high dimensional
time-series data with multicollinearity. This issue has been essential for various fields, especially in data science,
medicine, machine learning, weather or earthquake forecast, and finance, that useful information need to be
effectively extracted from time-series data of varieties of sources. The proposed algorithm is inspired by classic data
science algorithm, such as the K-Nearest Neighbor algorithm and the Greedy algorithm. It first applies clustering to
the high dimensional time-series data in a specific sequential order, which is determined by a heuristic function
deduced by effectiveness of the data; after the completion of the clustering, it sequentially orthonormalizes the data
in each group by implementing Ordinary Least Squares (OLS); finally, it calculates the weighted average of the new
orthonormalized data in each group to reduce the dimension of the whole data sample. This article also theoretically
and empirically examines this algorithm using real-world financial time-series data and Multi-Factor investment
model. The results indicate that the proposed algorithm can effectively cluster and reduce dimension of time-series
data, therefore significantly improve the model’s performance.
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Figure 1. Results demonstration of data preprocess
(a) Raw data; (b) Data after MAD; (c) Data after MAD & Z-Score
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Table 1. Algorithm of sequential clustering
Algorithm: Sequential Clustering
Parameters: n unlabeled data, T period data, threshold M
1: Let X be unlabeled data sample <xj,X2,..,Xp>
5. Let H be labeled data sample <hg,h:;,hz,..,hp>, in which at least one of samples hy
is a new group
3. Get the correlation coefficient matrix of n data samples for the past alpha
: period, let ry;, ;) be correlation coefficient of data i and data j
4: for t from 1 to T do
5: for i from 1 to n do
6: Find data sample hj; that has the highest
) correlation coefficient with x; in H
7: if r,5) 2 M do
8: Let x; and h; be a new group
9: else do
10: Let x; be a new group
11: end if
12: end for
13: end for
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Table 2. Algorithm of sequential dimension reduction

Algorithm: Sequential Dimension Reduction

Parameters: k number of groups of sample data, n; number of data within group i,
threshold M

1: Let X;,; be the data sample, IR;,; be the IR of X;,;, j€{1,2,-,n-1}
2: Sort IR;,; within group i that IR;,; = IR;, 5+, j€{1,2,,n-1}
3: for i from 1 to k do
4- Add first data within group i into the set of
: dependent variables, DV={Xi,1}
5: for j from 2 to n; do
6 Perform Ordinary Least Squares:
’ DV = Bi,1Xi, 501 + €354
7: Calculate IR'; of €441
8: if IR'; 2 M do
11: DV = DV U ¢, 4
12: else do
13: Abandon € ;,
14: end if
15: end for
16: Calculate weighted average of DV; with a weight of IR';

17: end for
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Table 3. List of factors and calculation methods
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Table 4. Correlation matrix of raw data and results of Sequential Clustering
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Figure 6. Comparison of net asset value of Multi-Factor models using different data
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Figure 6. Comparison of drawdown of Multi-Factor models using different data

* 6. SETRAEEMEEN L
Table 6. Comparison of back test data

i FERNE BEHE REXEH Wk EiEtE
FRI5EF 22% 0.085 2.531 -14% 1.525
PCA EF 23% 0. 061 3.81 -6% 4.07
BRLRKEEFETF 28% 0. 061 4,58 -T% 4.157

I L FAAE T PCA I TRIETE T RIEIMEI (B (6 « B (7 ), W LE R a5 Rk
Y IR T 22 R TR BRI K, IR A« T BB (T 500 JEEHRINIBE) R A
AT, A B PR M B R . Pk, T BRI A R s . L
FR0I0 53 [ 4 L A ST A BB RL R B, SR (6) BT LIE R, B T R mix—
B TR BN PCA R T RIUMY, EHCEMAI L, B TR R R, LhZ S8 5 Sl
) B LR LIS 51, A5 FE TR 14 25 TR TR F S e L T LA ) 4.58, 53 8 T P S TR R
PCA [A-F 11 2.53 F1 3.81.

4 i
ASCHF LT — A TR B A | e CAR M INT F] F B B TR SRR MR S . R B e K R AR
HBE B0 SR AR, SRR BOR A A AT, SHEORHEAT B RS, R RINTEIE, PR
S B R IR, RO AT 3 T B IR Ik S AL e



16

it A S R A ) 22 DR A ARG SRR AT IR AR, X PR JRAR D 3 RO IR T AR SGE, RT AR B B R
i A Rt Sy BRI 18] P 51 s AL ) 22 AR ME S 2R Il XD 7 A R ——(E B HEaR, T DAIE B S RE
SR ROAR U 18] 7 51 50008 BT 2808 s B RD 20 RS IR 4R (100 50 1 A\ B4% Gt 2 DR A A et A7 el
PUR, AERT T 2 iz SR AL B S BN 8] 5 5 M e 2 1R o 2 DR TR R Bl ISR B, DL S T
AR f) 5l L RN 5], A T IR ) 22 DR AR 0 S LU AR R LUIA 3] 4,58, 23 T8 A LR R 1 A
PCA I FIE A, B TiZEERA . T DG 4510 B0 IR R LR A7 R 21 i 4t
FE w L PRI 18] 5 50 BK 7 a5 B S AR B Gt S0 o 15 e 21 K ) 1 2 B ARGV OG &R, RN
B ORNREE EOR B L 2 48 v I 8] e 27 8080 PO A 28k

Hul, JAWEBOD T — BB D R AE N AL, A& AT s e 8l (La =
LTSI I, SRR AR, MTTANSRSE RIS . (RIS ORI T S B B e
B GRS BREEBRIT AR AR e ST . SRR OR -

S0

[1] Bellman, Richard E. (1957). Dynamic programming. Princeton University Press.

[2] Goldberger, Arthur S. (1991). A Course in Econometrics. Harvard University Press. pp. 248-250.

[3] Ruppert, David. (2010). Statistics and Data Analysis for Financial Engineering, Springer Science & Business
Media.

[4] Leys, C.; et al. (2013). Detecting outliers: Do not use standard deviation around the mean, use absolute deviation
around the median. Journal of Experimental Social Psychology. 49 (4): 764-766.

[5] Glantz, Stanton A; Slinker, Bryan K; Neilands, Torsten B. (2016), Primer of Applied Regression & Analysis of
Variance (Third ed.), McGraw Hill.

[6] Cover, Thomas M.; Hart, Peter E. (1967). Nearest neighbor pattern classification. [EEE Transactions on
Information Theory. 13 (1): 21-27.

[7] Black, Paul E. (2005). Greedy algorithm. Dictionary of Algorithms and Data Structures. U.S. National Institute
of Standards and Technology (NIST).

[8] Bacon, Carl R. (2012). Practical Risk-Adjusted Performance Measurement. John Wiley & Sons.

[9] Jaskowiak, Pablo A.; Campello, Ricardo J. G. B. (2011) Comparing Correlation Coefficients as Dissimilarity
Measures for Cancer Classification in Gene Expression Data. Brazilian Symposium on Bioinformatics, 1-8.
CiteSeerX 10.1.1.208.993.

[10] Everitt, Brian S.; Landau, Sabine; Leese, Morven; and Stahl, Daniel. (2011). Miscellaneous Clustering
Methods. Cluster Analysis, 5th Edition, John Wiley & Sons, Ltd., Chichester, UK.

[11] Goldberger, Arthur S. (1964). Classical Linear Regression. Econometric Theory. New York: John Wiley &
Sons. pp. 158.

[12] Hayashi, Fumio. (2000). Econometics. Princeton University Press. p. 15.



17

[13] Williams, M. N; Grajales, C. A. G; Kurkiewicz, D. (2013). Assumptions of multiple regression: Correcting two
misconceptions. Practical Assessment, Research & Evaluation. 18 (11).

[14] Fama, E. F.; French, K. R. (1993). Common risk factors in the returns on stocks and bonds. Journal of
Financial Economics. 33: 3-56. CiteSeerX 10.1.1.139.5892.

[15] Eugene F. Fama & Kenneth R. French. (2004). The Capital Asset Pricing Model: Theory and Evidence,
Journal of Economic Perspectives, American Economic Association, vol. 18(3), pages 25-46, Summer.

[16] Harvey, Campbell R., Yan Liu, and Heqing Zhu. (2015) ... And the cross-section of expected returns. Review of
Financial Studies, hhv(59.

[17] Jolliffe I.T. Principal Component Analysis, Series: Springer Series in Statistics, 2nd ed., Springer, NY, 2002,
XXIX, 487 p. 28 illus.

[18] Abdi. H. & Williams, L.J. (2010). Principal component analysis. Wiley Interdisciplinary Reviews.
Computational Statistics. 2 (4): 433—459. arXiv:1108.4372.

[19] Pueyo, Laurent. (2016). Detection and Characterization of Exoplanets using Projections on Karhunen Loeve
Eigenimages: Forward Modeling. The Astrophysical Journal. 824 (2): 117. arXiv:1604.06097.

[20] Sharpe, W. F. (1966). Mutual Fund Performance. Journal of Business. 39 (S1): 119-138.

[21] Scholz, Hendrik. (2007). Refinements to the Sharpe ratio: Comparing alternatives for bear markets. Journal of
Asset Management. 7 (5): 347-357.

[22] Loth, Richard. (2019) 5 Ways To Measure Mutual Fund Risk, /nvestopedia

[23] Wilmott, Paul. (2007). Paul Wilmott introduces Quantitative Finance (Second ed.). Wiley. pp. 429-432.



	时间序列数据逐步聚类降维法
	1 引言
	2 逐步聚类降维算法
	2.1 数据预处理
	2.1.1 去极值
	2.1.2 标准化

	2.2 逐步聚类
	2.2.1 逐步聚类顺序的选择——启发式函数
	2.2.2 聚类阈值的选取
	2.2.3 分类依据

	2.3 逐步降维
	2.3.1 类别内逐步回归分析
	2.3.2 类别内打分加权


	3 算法效果验证
	3.1 验证模型：多因子模型
	3.2 回测参数
	3.3 因子列表
	3.4 效果对比

	4 结论
	参考文献

