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Performance Comparison of Logistic Regression Algorithms on RHadoop

Byung Ho Jung®, Dong Hoon Lim**

Abstract

Machine learning has found widespread implementations and applications in many different domains
in our life. Logistic regression is a type of classification in machine leaning, and is used widely in
many fields, including medicine, economics, marketing and social sciences.

In this paper, we present the MapReduce implementation of three existing algorithms, this is,
Gradient Descent algorithm, Cost Minimization algorithm and Newton—-Raphson algorithm, for logistic
regression on RHadoop that integrates R and Hadoop environment applicable to large scale data.

We compare the performance of these algorithms for estimation of logistic regression coefficients
with real and simulated data sets. We also compare the performance of our RHadoop and RHIPE
platforms.

The performance experiments showed that our Newton—Raphson algorithm when compared to
Gradient Descent and Cost Minimization algorithms appeared to be better to all data tested, also
showed that our RHadoop was better than RHIPE in real data, and was opposite in simulated data.
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[I. Related works

1. Hadoop
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Fig. 1. MapReduce parallel processing
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map <- function(NULL,v){

words.list <- strsplit(v, split="")
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[Il. Experimental Analysis of Logistic
Regression Algorithms on RHadoop

1. Logistic Regression AIgorithms
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2. Experiment Environment

ol ASE 2YBRE 619 A PCE AL

o] Fig. 29 2o Ze~EE TE89
Slave 2 M
j

Master

Slave 1 |€—>

/

\-/_
\ -

l Slave 4

Fig. 2. Cluster configuration with 6 nodes
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6 % 1t PCE wl2E(master) ==, YHA 51 PCE
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Table 1. Experiment environment
master 1 EA
Nodes slaves 5 EA
Intel(R) Core2Duo
CPU E8300@2.83GHz
Hardware master 4GByte
RAM
specs slave 4GByte
RealTeck
NIC 10/100Mbps
0s Ubuntu 14.04 LTS
Java 1.7.0
Software Hadoop 0.20.2
Specs R 3.1.0
rmr2(3.3.0),
RHadoop thdfs(1.0.8)
Switch Cisco Catalyst 2960 (1G Ethernet)
Hub
3. Experiment Data
AA delEHE 20099 ASA(American  Standards
Association:V] = 714 F3)olA  FAE V= FF7] =37
g dlojeoltt[14]. o] 7] dolH= 1987dFH
200874 aljeir} 2971 el gis] ZAbE dlolE o]l WA

°l
dlole 9] 3& 123,534,97071]3L ¥ 9] A7+ 12 GBA
T=olth. Wang et al.[15]3} 2o] 2428 37124 s o
2 Elolefol A 57e] Warnt aiefsigloe

A THArrDelay)S 53 o] fAt

1, if ArrDelay > 15
0, otherwise

ArrDelay = {

4719 S 5 SAZHDepHour)& Y dlolEe] &

X 7HDepTime)oll A Al(Hour) 5249k AFE-al9lar, B3 A g

(Distance)= Y&l dlolHE T2 AMELE U= F HE
T (Night) 2} F%(Weekend)2 o}z e} o] At

Night = {0, if 0< DepHour < 50r20 < DepHour< 24
1, otherwise

0, if 6 < DayOfWeek < 7
1, otherwise

Weekend = {

1714 DayOfWeeke 1(ZL)~7(dL)3ks zhet)
2 A dolge} ko] 4719 SYHHUSE ) A
ﬁLLJ-’F% H“g*]ﬁ U«V S AAIBIATE 22 Aol A}

g(z)= 707710X7113X7025X7005X
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4. MapReduce Implementation

2A2Y 39 F4L 93 Gradient Descent &1 ES
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Table 29} #t}.
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Table 2. Pseudo—code for Gradient Descent algorithm

REQUIRE

- Input (key, value) where key = null, and value =
objects

- A set of objects of {yj,le,xﬂ,...,xjk} n each
mapper

- initial set of weights (3 = {ﬂo, B> By o ,ﬁk}

1. map phase

2. |

3. M « {yj7 zjl,zﬂ,...,xjk}

4. X < {$.717$.7‘2""7xjk}

5. Y « {yj}

6. for all y, € Y do

7. if y; =0 then y; = —1

8. end for

9.

delta = ¥, X+ (1/(1+exp (=Y (B X X))
10. outputlist < (NULL,delta)

11. }

12. reduce phase

13. {

14. outputlist « outputlist from mappers
15. for all delta € outputlist

16. sumofdelta += delta

17. end for

18. outputlist <« (NULL, sumofdelta)
19. }

20. Repeat until convergence (¢ = 107%)

21. |

22. delta « excute MapReduce

23. Y = g% 4. delta

24. }
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Table 3. Pseudo—code for Cost Minimization algorithm

Table 4. Pseudo—code for Newton—Raphson algorithm

REQUIRE

- Input (key, value) where key = null, and
value = objects

- A set of objects of {y;x;xyT;}
each mapper

- initial set of weights 3= {By, By, By - 0}
1. pre—map phase
2. A1
3 M = {yp ), p02,}
4 Ve {y}
5. n; « length of ¥
6 outputlist « (NULL,n,)
7.}
8. excute pre— Map phase
9. for all i € no.pre —map tasks
10. N +=mn,
11. end for
12. map phase
13. {
14. M~ {yj, xﬂ,:cﬁ,...,mjk}
15. X ~ {mﬂ,xﬂ,...,wjk}
16. Y~ {y]}
17.
delta — 1/N- ((1/(1+exp (B x X;))) — Y;) - X,
18. outputlist <« (NULL,delta)
19. }
20. reduce phase
21. A
22. outputlist — outputlist from mappers
23.
24, for all delta € outputlist
25. sumofdelta += delta
26. end for
27. outputlist « (NULL, sumofdelta)
28. }

29. Repeat until convergence (e =10"%)
30. {

31. delta — excute MapReduce
32. ﬂ(fﬂ) = 5(” — - delta
33. }

Table 3914 ®50], Cost Minimization &ie]59] 7|&
=42 Gradient Descent €32]E3  FASIth  Cost
Minimization ¢8]&S AHgal7] Yaixs A do) g
M7t D estet. webd MapReduceZ o] &3 A4 3] 7Y
F5 Tt dAE Ao dasitt

Newton-Raphson ¢iLz]Fel tgk MapReduce®] ©€JALsL

T+ Table 49} Zt}.

REQUIRE

- Input (key, value) where key = null, and
value = objects

- A set of objects of {y]., zjl,zﬂ,...,a:jk} in each
mapper

- Initial set of weights 3 =

{ﬁov [7)], ,82, ’ﬁk}

1. map phase

2. A

3 M =y @15 s}

4 X~ {mﬂ,xﬁ,...,mjk}

5. Y« {yj}

6 for all y,€ Y do

7 if y; =0 then y, = —1
8 end for

9

Hessian «

X 1/(+exp(=Y; - (X< 6)) - 1/(1+exp(Y;-
10.

delta = Y- X5+ 1/(1+exp(Y; - (X< 5)))

11. outputlist <« (NULL, (Hessian , delta) )
12. }

13. reduce phase

14. outputlist — outputlist from mappers

15. for all HessianDelta € outputlist

16. sumofHessianDel ta += HessianDelta
17. end for

18.

outputlist « (NULL, sumof HessianDelta)
19. }

20. repeat until convergence(e = 10 %)
21. {

22. resultof MR « excute MapReduce
Hessian , delta < split resultof MR
23. B = B9 — Hessian™' X delta
24. }
Table 4eA] R3Ze] 7} MapolAl  Hessian H7}

AN}E U= Fo| Reduce® A%
pg] A5 ket ol gt HhE
& denh

gradient® AXF 3 &
3t} Reduceol A= 4+

H4E B 74

a1
Ma
J¥ A
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5. Performance Comparison

2228 34 F4& 93 dadgse Ae IAAT
Aated 49 A 49 gAATY AgEE A
H| sk} sk},

Table 5& A dlo]golA dlo|g =)o w2 darg]

ki —&N-

[N
e

Descent$} Cost Minimization &85 3y, By B5: 3, S0l
] Newton-Raphson ¢ile]&Hth X}OV} =S B3
Table 72 5248 dlojgjoA] dlo]g] H7]o up2 Larg]

T8 AMAIZES dERiIth

AA S YERAT Table 7. Comparisons of three algorithms with running
time on simulated data
Table 5. Comparisons of three algorithms with running time Gradient Descent € o st Newton-
Data Size Minimization ewto
on real data Raphson
« time « time
Gradient Descent C N S !
Data Size Minimization Newton- 50 MB | 1.25e-5 | 319.69 | 9.38 | 343.14 | 370.79
Raphson
ey time a time P 100 MB | 6.25e-6 | 411.15 9.38 | 439.69 | 467.19
50 MB 1.00e-6 506.96 4.38 436.02 | 273.01 200 MB | 3.13e-6 | 441.43 9.38 | 476.94 476.34
100 MB | 5.000e-7 | 776.26 | 4.38 | 676.78 | 390.44 300 MB | 1.88e-6 | 436.74 | 9.38 | 475.66 | 503.05
500 MB 1.25e-6 483.24 9.38 526.41 548.56
200 MB | 2.50e-7 887.31 4.38 | 745.98 | 439.28 -
300 MB 1 250-7 1321 .09 438 77302 442 63 1.00 GB 6.25e-7 847.99 9.38 934.63 934.80
500 MB 1.00e-7 1092.29 4.38 942 .20 512.16 1.45 GB 3.75e-7 1164.47 9.38 1280.24 1257.91
1771.3 2.90 GB | 1.88e-7 | 1846.85 | 9.38 | 2054.45 | 1991.98
1.00 GB | 4.36e-8 2490.92 | 4.38 | , 915.87
5.80 GB 9.38e-8 3515.02 9.38 3852.47 | 3793.39
2494 .4
1.45GB | 3.13e-8 | 3281.12 | 4.38 | | 1306.92 GBl 601 500e-8 | 6567.56 | 9.38 | 7406.68 | 7101.42
2.90 GB | 1.88e-8 4211.77 | 4.38 2156'4 2085.38
8096 1 Table 794+ Gradient Descent, Newton-Raphson,
5.80 GB | 9.38e-9 8198.67 | 4.38 | 3851.91 e
3 Cost Minimization Shile]% 0.2 W 242 wolth 1o
11.60 GB | 4.386-9 17561'8 4.38 178214' 7250.91 u gaeEe A A s feid s Aess B
olvegt 3AAG At FAHE T8 o}t} Table 8 50
_ MBe| EoJAE dloJH A glm et 4% 24 2~8 3]
X =N} o= o 3]
Table 5elA HXEol RE  folg I7|o W3 Qx2S et
Newton-Raphson &ag]&o] 7} whzZa, thgo & Cost

Minimization, Gradient Descent €425 <O 2 WE A
£ Bl
Table 62

A2

glm 3ok vlste] GuelEse] F4d 3
A3 ek golth

oFT =

Table 6. Comparisons of three algorithms to glm function
with real data for estimated logistic regression equations

) Estimated Logistic Regression
Data Size ?'go”thm Equations A
9(z) =1/(1+e7?)
oim Z = —1.3780+0.0222 X,+0.1113 X,
+0.1967 X,-0.0735.X,
Gradient | Z = —1.3774+0.0222.X,+0.1111 X,
50 Descent | +0.1965X,-0.0732.X,
MB f/“n?miszat Z = -1.3775+0.0222X;+0.1112 X,
o +0.1966 X,-0.0732.X,
Newton- | Z = —1.3780+0.0222.X,+0.1113.X,
Raphson | +0.1968 X,-0.0735X,

Table 604 H5o] Newton-Raphson ¥18]&5L o F
M) daeFER glm T2 v u S wf FAE 3])F] A5l
A zZpol7t A YA o= AS & 4 Aok 28y Gradient

Table 8. Comparisons of three algorithms to glm function

with simulated data for estimated logistic regression
equations
) Estimated Logistic Regression
D ata | Algorithm Equations
Size s ~ _y
9(Z2)=1/(1+e?)
Z = 0.7041+1.0045X,+1.3036 X,
glm
+0.2491 X;+0.0518 X,
Gradient | Z = 0.7050+1.0057 X,+1.3052.X,
Descent | +0.2494 X;+0.0518.X,
50
MB Cos 7 _ 07051+1.0055X+1.3050 X,
Minimizat | ) 2494 x,+0.0518 8,
ion : 3 4
Newton— | Z = 0.7041+1.0045X,+1.3037 X,
Raphson | +0.2491 X;+0.0518.X,

Table 8o|4 ®3%0], Newton-Raphson &i8]&S glm 3t
Fob wlwsRe W S7AAR Aol e mo4
Gradient Descent®} Cost Minimization €318]&2 A4 ©
olElel tjgt Table 63} RIS W 3| #AG 2ol7} o] 1f

= s ¢ 7 St
Minimization €185 A4 3}1%]
A AATE FH8A X

o1

Gradient Descent®} Cost
%2 S5 E A2 Q13

AORE Aekgr)
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Table 9= #HZ9| S48 afts AHEst] 4 7 duyg
4 A £55 e Folth

Table 9. Comparisons of three algorithms with simulation data
in terms of computational time using optimal learning rate

; Cost
Data Sive Gradient Descent Minimization Newton—
Raphson
e} time « time
50 MB | 7.7e-6 | 398.26 | 5.62 | 390.35 | 370.79

Table 994 B Table 7%+ ©&] Newton-Raphson &
agZo] 7M4 wEa thS o2 Cost Minimization, Gradient

Descent &¢1dZ oz w2 292 B}
$2]£ RHadoop EHFY 4e& Hrlehy] $13 R

Hadoop®?] % she] S33H74 <l RHIPEZ} v a3 s}kglr}. o
71 AHAAG dH-9] Ho]E A7) Newton-Raphson

aE]Fel disiA Rt M&starat gt Table 102 AA dlo]
HolA 7 ZHE] AMAIRES YER Flo|th

Table 10. Comparison of RHadoop to RHIPE with real
data using Newton—Raphson algorithm

1.00 GB |1.45 GB |2.90 GB |5.80 GB |11.60 GB
RHadoop 915.87 1306.92 |2085.38 |3851.91 |7250.91
RHIPE 1048.42 |1465.21 |2408.63 |4648.84 |8817.24

Table 1014 2™ RHadoop®] RHIPER T} w2 AAkAIZE

< HE3ith Table 11 2oJAE dlolHo A F F2E9] ALt
AIZHE YERE Zojtt
Table 11. Comparison of RHadoop to RHIPE with
simulated data using Newton—Raphson algorithm

1.00 GB |1.45 GB |2.90 GB |5.80 GB |11.60 GB
RHadoop 934.80 1257.91 |1991.98 |3793.39 |7101.42
RHIPE 786.24 |1120.61 |1687.67 |3247.05 |6221.43

Table 1104 B Table 109 A7e}= T2 A RHIPEC]
RHadoop®.t}h W2 AMAIZHS RSl o]3& RHIPEY] XE
2ETY WAE AREsHA il ] Yz i
ghth. RHadoop?] AIMAIZE #AE wEF7t2 S5 5 912
1} Uskenbayeva et al. [11]e4] =23k A&
2|9} ARgH A ol WS ZEaL gl

V. Conclusions and Further Research

Helole] Althel]l mAlRde] Fede Hs FaEa gla
HAle el A &5 o) shuel 22 39 s, A

o oA % A e A A A8 g
B lESdoR ke UeY delHE AE

Lo

FU

ﬁ%@‘ﬂ ERE A Mg F BAERE A A Bk
Stt}h. 2 R Hadoop®] 4HA e 76l A wejo]g EA4%
T2/ 48] AL v R¥ Hadoopd] T340 tix
# Z#%o] RHadoop®]th.

£ ol A= RHadoop EHEFANA A E 7]9he] 23
28 3|9 4 Yt Gradient Descent, Cost Minimization
& 112]5 3 Newton-Raphson ¢18]&S MapReduce® &
sta AA dole el Rl dolEdA] daEs des Y]
WA

37HA darels Aderlal 48 A3, Gradient Descent &
HYFL Aol Lolsht srEEl A RS vk

Cost Minimization< &5E+ WAsHA] &2y Gradient
Descent #ale|53t npx7HA &2 F el ZA-HES 2kl 93l
t}, o]o] uksle] Newton-Raphson &ig]Z&L AP &4580]
dagla w3+ AA dolgolA Gradient Descent, Cost
Minimization &xg]&o] 2t 84 FAE §1S By ol

ot BE A dojg] ti3 £ AeS Bt
w98 7 /N9 &% RHadoopdt RHIPES] 45&
Hla gk A A dlolgjel A= RHadoope] W21 K943
w2 Zog ueyth EE

glo]E o)A RHIPES] O
J¢b A&l RHadoop®.th of&&o] it

i)

d

)

RHIPES A%

RHadoop E#F9] A&y RE57t A ¢+ A
o A k3 Qrh wEkA L5549 olF s 98l
W22 (in-memory) 7]%k1 Sparks} H20 ZFolA w21
Jol B3k A47F B ok, &5 A=A ofo gt A
T7F X# o] RHadoop &HF3He] Rl A7t B 1145
4 gt
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