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PLS Path Modeling to Investigate the Relations between
Competencies of Data Scientist and Big Data Analysis
Performance : Focused on Kaggle Platform

Gyeong Jin Han - Keuntae Cho
Management of Technology, Sungkyunkwan University

This paper focuses on competencies of data scientists and behavioral intention that affect big data analysis
performance. This experiment examined nine core factors required by data scientists. In order to investigate this,
we conducted a survey to gather data from 103 data scientists who participated in big data competition at Kaggle
platform and used factor analysis and PLS-SEM for the analysis methods. The results show that some key
competency factors have influential effect on the big data analysis performance. This study is to provide a new
theoretical basis needed for relevant research by analyzing the structural relationship between the individual
competencies and performance, and practically to identify the priorities of the core competencies that data
scientists must have.
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Table 3. Factor Analysis and Reliability Analysis

3L.4%, O]'}\] O]- 1;\—1 ’Q‘Aﬂ O]'q 0}7]- 21%, Ol’iﬂ?l—ﬂ- L9%= ]%E} . Factor |Commu| Eigen Varianc_e Al_pha i Cronbach’s
"]'1—4' Variables loading| nality | value explanation | item o
M power | deleted
] MB2| 0.918 | 0.859 0.913
BUSINESS 1183  0.697 | 0.884 |3.020 | 10068 | 0874 | 0913
Table 2. Descriptive Analysi lysi : : ' ' . '
able escriptive Analysis analysis T 08 0853
Group ‘ No. ‘Percentage Group ‘ No. ‘Percentage TH2| 0.884 | 0.879 0.813
Gender Mator Hacking |TH4[ 0.823 | 0.762 | 2.345 | 7.816 0.681 0.813
J TH3| 0.808 | 0.741 0541
Computer TV1] 0879 | 0.831 0.811
Male %8 933 science 46 438 Visualization |TV3 | 0.824 | 0.787 | 2.399 |  7.996 0644 | 0811
TV2] 0737 | 0.756 0.609
Female 7 6.7
Engineering 24 22.9 Problem MP2| 0.790 | 0.746 0.765
Age solvin MP3| 0.781 | 0.683 | 2.536 | 8.452 0.698 0.765
Mathematics 9 [mp1] 0728 | 0.643 0712
20s 45 429 - 21 20 ] TM1] 0.819 | 0.687 0.764
and statistics Machine
) TM2| 0616 | 0.766 | 1.925 | 6.415 0584 | 0.764
Business and learning 13T 0.478 | 0.625 0.626
30s 41 39 ) 9 8.6 : : :
economics Behavior | BIL| 0.967 [ 0791 0.746
40 or cvention | 213 0:920 [ 0628 | 2655 | 8.850 0.719 0.746
older 19 18.1 Etc. 5 4.8 BI2 | 0.897 | 0.747 0573
TS2 | 0.746 | 0.685 0.698
Education level Country Statistics | TS1| 0523 | 0.742 | 1.822 | 6.074 0.640 0.698
High school TS3 | 0.491 | 0.632 0570
diploma 2 1.9 Europe 48 45.7 SR2 | 0.835 | 0.748 0.670
Creativity | SR1|0.807 | 0.722 | 2.207 | 7.355 0.608 0.670
Bachelors’ 28 26.7 America 33 314 SR3 | 0585 | 0.594 0.700
Asia and SM1] 0.756 | 0.623 0.660
Masters’ 49 46.7 Oceania 22 21 Communication| SM2 | 0.743 | 0.675 | 2.322 |  7.740 0566 | 0.660
SM3] 0.739 | 0.619 0.601
Doctoral 26 24.8 Africa 2 1.9 70738
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Table 4. Reliability and Convergent Validity

AVE gzri]apboi?iitt; R square Cr«;rll’t:szh's Communality | Redundancy

BI | 0719 | 083 | 0470 0.610 0.719 0.169

MB | 0853 | 0.946 0.914 0.853

MP | 0564 | 0.788 0.598 0.564

Pfm | 1.000 1.000 0.678 1.000 1.000 1.000

SM | 0636 | 0.840 0.715 0.636

SR | 0618 | 0826 | 0016 0.702 0.618 0.291

TH | 0.777 0.912 0.032 0.854 0.777 0.298

™ | 0.895 0.953 0.032 0.941 0.895 0.586

TS | 0.604 | 0.749 0.363 0.604

TV | 0728 | 0889 | 0.093 0.813 0.728 0.304
B 0.220 0.739

e g s A7) A3 dubl B W E4k s
“(average variance extracted(AVE))©]t}. o] 7] construct
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Table 5. Correlations and Discriminant Validity

Bl MB | MP | Pfm | SM | SR | TH | TM | TS | TV
Bl {0.847°
MB |0.328 | 0.924
MP | 0.224 | 0.050 | 0.751
Pfm | 0.535 | 0.020 | 0.079 | 1.000
SM |-0.339 0.056 |-0.102|-0.687 | 0.798
SR 10.150 | 0.165 | 0.008 | 0.087 |-0.126| 0.786
TH |0.101 |-0.047| 0.000 | 0.271 |-0.231| 0.206 | 0.881
TM |0.602 | 0.082 | 0.174 | 0.676 |-0.403 | 0.141 | 0.179 | 0.946
TS |0.035|0.290 (-0.007|-0.067 | 0.117 | 0.192 | 0.068 | 0.051 | 0.777
TV |-0.004|0.135 | 0.133 | 0.041 | 0.000 | 0.249 | 0.178 | 0.050 | 0.304 | 0.853

& . Square root AVE.
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Figure 2. The Results of PLS-SEM

Table 6. The Results of PLS-SEM

Original | Sample Standard T Statistics
Sample Mean Error (Critical | P Values
(0) (M) Ratio)
T™ — Bl | 0503 | 0.497 0.093 5.411 0.000"
T™M — Pfm | 0.396 | 0.388 0.078 5.096 0.000"
TS — TV | 0304 | 0.350 0.110 2.766 0.006"
TV > TH | 0178 | 0.187 0.104 1.715 0.087
TH —>TM | 0179 | 0.184 0.087 2.063 0.040"
MB — BI | 0.289 | 0.290 0.085 3.387 0.001"
MP — BI | 0.107 | 0.118 0.074 1.458 0.145
SR — SM | -0.141 | -0.150 | 0.073 1.948 0.052
SM — Pfm | -0.464 | -0.471 0.075 5.193 0.000"
Bl — Pfm | 0.423 | 0425 0.084 5.235 0.000"
Note) “ p < 0.05; ~ p < 0.0L.

HA A7Hd A AR 7Y 7EedFE AHEE, Bl
#do] 9o zof| m A= Y& CR. #5411, F24F 0.000
S 2 e, Hie “H2lef g2 duo]g 9oz el F(+)9
FFE V‘ Aot = A=At Halggo] £4/4 37
C.R. % 5.096, 9% 0.0002.2 YE} HIf
Hl ol g 48 #e] H(+)e] S A Ao
At BA sEo| AlZtglel HA = YT CR.
%AL 2.766, %0 T 000602 A1FFE 95%00 A HLizh A=)
Hoh =3 7 o] Ayl nx& YFE CR. g 2.063,
T4 0.040 0.2 Hik7} A& = ek 28 e A 22 3 A

73, SAE B =} L4 SFe PIAA B A

¢

S F Yy 7Hd o] 71 ZtE AT W E old @ 7EdF L 3
Ao =9} BAA A AH A YIS vAAE ZpAH F
A — A48t — 817 — Halgd Ato]Fo] 4o Hgo
B A4S Y= 1A 2902 =& Hoh vty
O & LISRELO|Y AMOSS} 22 F8AF 7]4te] B471H &
o] AT B AT Fag TS HAF53 ks

=2
ael
—
wm
-+
PN
ol
ol
1>
o
>
>
oo
ofr
ol
2
fuf
o
rlr
oXx
M
[e)
o
3
=]
o
=
@D
=

90%01] 2%
Fol A 712 54211,73 v‘i'- hjr-"XﬂC‘H THE £ 479
AHAA Y& AR Be= Ao= L}EM 7+ H2b$} H2d
= 7175 T

Al WA 7 dd et s A A EE, H3b “o A
2% 59 Huoly E4A47 H+)9 & v Aol

<

t}.”& CR. % 5.193, vﬂ%‘— 0.000°.2 A& = glet. 1ejut
Ao e As|o e o W olE B4 JFL mA
2 g Ao e 7HA H3c9} H3dE 71245 it vhA 2
O 2 H4“BlEoH P9 o x EAA ol H(+)9] YFE 1]
A Ao|t" % CR. 5235, 9 4% 0.0000.2 AUt} o
EHlEolHE A3 EE P UAH AN E H$
tolg £443e 344 YT Fohe AL 9rFh

7t e AZADE Qokald <Table 7>3 2t}

Table 7. The summary of Hypothesis Results

Hypothesis ';ZC;E:/ Hypothesis ';cet}igtl
la | TH — BI(+) Reject | 2a MB — BI(+) Accept
1b | TH — Pfm(+) | Reject | 2b | MB — Pfm(+) Reject
lc | TV — BI(+) Reject | 2c MP — BI(+) Reject
1d | TV — Pfm(+) | Reject | 2d | MP — Pfm(+) Reject
le | TM — BI(+) | Accept | 3a SM — BI(+) Reject
1f | TM — Pfm(+) | Accept | 3b | SM — Pfm(+) | Accept
19 TS — BI(+) Reject | 3c SR — BI(+) Reject
1h | TS — Pfm(+) | Reject | 3d | SR — Pfm(+) Reject
1 TS — TV(+) | Accept | 3e SL — BI(+) Reject
1j | TV — TH(+) Reject | 3f | SL — Pfm(+) Reject
1k | TH — TM(+) | Accept 4 Bl — Pfm(+) Accept
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Figure 3. The Matrix of Main Competency of Data Scientist
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