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Abstract

With the rapid development of computer industry, human society is gradually moving into the era
of big data. Gamma regression models play a very important role in the face of large-sample
right-skewed and thick-tailed data. However, how to quickly and accurately estimate the parame-

WEFIH: mE, K. KA Gamma B FIFED]. N BEEfE, 2022, 11(4): 1632-1649.
DOI: 10.12677/aam.2022.114178


http://www.hanspub.org/journal/aam
https://doi.org/10.12677/aam.2022.114178
https://doi.org/10.12677/aam.2022.114178
http://www.hanspub.org

M, T

ters of interest in Gamma regression has become a hot issue to be considered. In this paper, we
propose two two-step algorithms to efficiently approximate the maximum likelihood estimates of
¢ known Gamma regression and ¢ unknown Gamma regression under full data, respectively, thus
solving the single-parameter and two-parameter large-sample Gamma regression estimation
problems. Firstly, in the case where ¢ is known, it can be shown that the general subsampling es-
timates asymptotically obey a normal distribution given the full data, and the optimal subsam-
pling probability that minimizes the asymptotic mean square error of the estimates is derived. To
further reduce the computational effort, we also propose an alternative optimal subsampling
probability. Since the optimal subsampling probability depends on the unknown parameters, we
also propose a single-parameter two-step algorithm. Secondly, in the case of ¢ unknown, we pro-
pose a two-parameter two-step algorithm based on the one-parameter two-step algorithm. Finally,
using numerical simulations, we show that the two algorithms are computationally efficient and
also confirm that the difference between the estimates obtained by the one-parameter two-step
algorithm and those obtained by the two-parameter two-step algorithm is not significant.
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HYHE IEASYERRE TR . B8 IR 24 THRE 7 VR R B [0 A E, Drineas Z5[7]6H% L2 [l k7
P T FHIFESVL . Drineas 55(2011) [8]4% H 9 ol -1 o A B0 v SR At e 206 P [0 1+ g /N 3fe i 3T )
Dhillon %5(2013) [9]4H X 2 14 [l Y= v 1 87 38 Az /s — e PRI Al T il RS T AR 5005 o B e 7 i 2
THIFE R IIE M 2 —, Zhu %5(2015) [104T 0 £V [ml A AL 4 Y 1 R 759, B SR 7 hl R 7 vk
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T %433 logistics [a] YA 7Y ) Be AL T4 RE 520025 . Wang 11 Ma (2021) [1518F 98 T 43 B U1 () B A Tkt
HEF: TR T B (I P R DA S PP B AL AR o bk, ZEFIHI S5 (2022) [16]% XU [ )45
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B A GAEHHE, B 3, —argmaxI®(B) , HH1°(8) RiERSE)AHMIF. EQ)A)RF, KAV 4, &
B
Wl B, MG 3RAG 5 BT id S5t A ek o DU ARG o2 O3 ARl s B8 A RE SR 70 Bl 20
o BB FBE—PHRI AN AP B A SREENAMEREAR RN n IFREAR. ZEGXPAN ST n +n AT
AL R RERE 2, IR AE AT R LA 5, B

B =arg max{r]m’l*"(ﬂ)+nl*°p‘(ﬁ)}

s +n n,+n

Horb, 1 (g) RBREE)RMF, 7 B2 N 2 KA.

FEGRAT, N TEIE)N, FREIEZA T IR MR . X1, 34715 A (9) M
QO) R THIBERE R . T g R, TRATAAERBLO) R TR R S T RS H g M B, 19, (10)
KA TR IR T e > ITLAEARE Q) 2R(L0) I T HIBEMESR, BATH el — 3B REAHS ¢
PR, BBy R gy, 44 By R g P IIEHN B, F gy, TR FHIFEMER . BAESIEIT .

8 2 NSHWAB L

o Hoob RIS TR 7= {7 =N L BENUEOON g n (TR, AR A RO, BT LIS
B ARG )Y X G B8, =(Fodh) =argmaxi®(0), JUh1° (0) S(IHEAMM. (9
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5.1. ¢ BHRIERITHSE

TE ¢ CEIEM T, BAMB p=2, EX—hIRAIR T ST RE CPU BT A%, ki
LB 1 TERE.
51.1. $IEESH. FHEEES g MSE

T IHETERE YR 1 MERE, AT LR DURRE AL M AT 8-, B R EE A . FHREA RS MSE
IR, BANEESE 5 TRAR N, =200, % TR K/~ n =500, 1000, 1500, 2000, 2500, 3000,
FEHAT S =1000 X, FFRAEAE I EAE B IR E . A THMTHE, RATBREE T TREA KN A
N, +n B FHFE R TR 245 3R, FEEH 1000 4™ bootstrap FEATHE T X Kl tHE. B 1 4551 %
B, SEFPURASE A, Hik 1 S PR E A 3, I BE TP 2 (5 LT3
F 2l {5 1.
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Figure 1. ny = 200, MSE of different data sets with n not fixed and different sampling methods
1.no =200, AEEIEELE n FEEMAE M ETH MSE
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5.1.2. FH#AES CPU EB{THIE

FESE—RE AR ny = 200 M55 — - FREACE Jy n =100, 200, 300, 500, 700, 1000 F, 3RA14:Hlicsw T
CPU iZ17 i [A]. ST, FRAIFEAZE F(EH T 1000 /X bootstrap #lif¥, F CPU ig{TH[H N 15.761
o 26 1 Al TR TR 2P 1 2P 5 1 LRSS TS Il () LI R . MR ERIR
TIEZIEER 1000 ¥k, FHCFFTEH T CPU IfEl. M3 =AM 45 AL, R AR e ATTes
TWEEE . BATAMERIL, 5 TP EVE TR AR . IR, BT 2 P L 1 HEET 20 i
T TH S R BE G, [RIIX — A R HAS B4 0E T 1) bootstrap FFELE BRI (A1 K, X R FF A
H.

Table 1. ng = 200, CPU times for case (a) with n not fixed and different sampling methods
F 1.ng =200, 1HA()7E n FEEMAREHMEESETH) CPU BE]

I 17 (7) n
ik 100 200 300 500 700 1000
1951 1277 1417 1.391 1.744 1675 2125
Aopt 4,501 4717 4.969 5.328 5.645 6.022
Lopt 2.968 3.038 3.247 3573 3.786 4.287

5.1.3. #AES CPU Kig

N T PR RAE AR S i L MR 1 (PERE, ATy K= 9 4, KK B A IE K
A py =(-0.5,-0.5,-0.5,-0.5,0.5,0.5,0.5, 0.5,0.5)T » HEBREAE AN =10°,10°,10° o & 2 FATHRGT 1
FEAFSFETTVE T RIBEAE S CPU MEIHIR R ERIREIL(@) T, AT b7 ik HEZEI 200 X,
[F) IS [ 25— 2 R B FEAR RNl ng =200« n=1000

SOREW], BEEREAR N KGN, AFhee TR K CPU I ARG g in: 7EAHFFEAET,
B MR FAAE AR T 2B A KR TR ], TR SR S e, FIR, T 2 P s 1
FEVHE B ARKRS, IADLIRAIRE 1.

Table 2. ny = 200, n = 1000 and d = 10, case (a) CPU times under different N and different

sampling methods

52 2.n,=200, n=1000 1 d =10, &R (Q)7E N FREIFIFEMAESSETHI CPU Btg]

I} [ (7) n
WAR/A 10* 10° 108
¥4 2.075 2.164 2.148
Aopt 4.732 24.461 150.817
Lopt 1.765 6.386 49.827
et 5.564 44,098 513.789
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