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J> Abstract

Consider the online testing problem that a possibly infinite sequence of batches of hypotheses
is tested before the next batch comes. The error rate is required to be controlled at all decision
points. Conventional simultaneous testing rules are no longer applicable due to the more stringent
error constraints and absence of future data. Moreover, the online decision-making process may
come to a halt when the total error budget, or alpha-wealth, is exhausted. This work develops a
new online pseudo local index of significance (OPLIS) rule for online false discovery rate (FDR)
control. A key element in our proposal is a new alpha-investing algorithm that using the comformal
inference framework to characterizes the gains and losses in sequential decision making. OPLIS
uses a constructed dataset to capture time varying structures of the data stream and learns the
decision threshold adaptively by a mirror process. We demonstrate that OPLIS offers finite-sample
guarantees in online FDR control. Numerical results confirm the effectiveness and robustness of

OPLIS.

Keywords: conformal inference, online FDR control, mirror process, s
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w=2.5
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
FDR | 0.0820 | 0.0800 | 0.0790 | 0.0789 | 0.0794 | 0.0791 | 0.0804 | 0.0802 | 0.0803 | 0.0803
w=2.8
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
FDR | 0.0830 | 0.0839 | 0.0842 | 0.0864 | 0.0871 | 0.0868 | 0.0852 | 0.0851 | 0.0846 | 0.0847
/1, =
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 | 10000
FDR | 0.0911 | 0.0899 | 0.0873 | 0.0873 | 0.0858 | 0.0880 | 0.0889 | 0.0898 | 0.0902 | 0.0893
©w=35
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
FDR | 0.0931 | 0.0919 | 0.0902 | 0.0860 | 0.0886 | 0.0913 | 0.0909 | 0.0904 | 0.0916 | 0.0922
p=4
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
FDR | 0.0993 | 0.0972 | 0.0947 | 0.0941 | 0.0951 | 0.0956 | 0.0946 | 0.0931 | 0.0939 | 0.0952
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5 AL AL GRS A Y EHI=-L;-X-ESI-+-L>X-EQI- -+ -+~ (2-2) ¢
BT, A 2D, 2-2) ..&
JERREARFAS, (2-1) Foi EE/EHI =Bo+B1PCG+[:RGP+ -+ BX;+¢
*+BoCWUR+B10ECPGHL1 i WCPG+e; - - - - (2-3) <
# 5.2 OPLIS ERIXFARF . BBJMFEL FDR KT
T = 0.1
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
FDR | 0.0966 | 0.0910 | 0.0934 | 0.0982 | 0.0983 | 0.0972 | 0.0971 | 0.0980 | 0.0983 | 0.0988
Ty = 02
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
FDR | 0.0830 | 0.0839 | 0.0842 | 0.0864 | 0.0871 | 0.0868 | 0.0852 | 0.0851 | 0.0846 | 0.0847
e = 03
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
FDR | 0.0882 | 0.0892 | 0.0897 | 0.0893 | 0.0890 | 0.0865 | 0.0862 | 0.0854 | 0.0856 | 0.0853
Ty = 0.4
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
FDR | 0.0820 | 0.0822 | 0.0814 | 0.0814 | 0.0827 | 0.0827 | 0.0833 | 0.0844 | 0.0850 | 0.0842
Ty = 05
t 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
FDR | 0.0676 | 0.0663 | 0.0668 | 0.0665 | 0.0671 | 0.0676 | 0.0669 | 0.0667 | 0.0667 | 0.0668
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Abstract

In the online multiple testing problem, p-values corresponding to different null
hypotheses arc observed one by onc, and the decision of whether or not to re-
ject the current hypothesis must be made immediately, after which the next p-
value is observed. Alpha-investing algorithms to control the false discovery ratc
(FDR), formulated by Foster and Stine, have been generalized and applied to many
settings, including quality-preserving databases in science and multiple A/B or
multi-armed bandit tests for internet commerce. This paper improves the class
of generalized alpha-investing algorithms (GAI) in four ways: (a) we show how
to uniformly improve the power of the entire class of monotone GAI procedures
by awarding more alpha-wealth for each rejection, giving a win-win resolution to
a recent dilemma raised by Javanmard and Montanari, (b) we demonstrate how
to incorporate prior weights to indicate domain knowledge of which hypotheses
are likely to be non-null, {c) we allow for differing penalties for false discoveries
to indicate that some hypotheses may be more important than others, (d) we de-
fine a new quantity called the decaying memory false discovery rate (mem-FDR)
that may be more meaningful for truly temporal applications, and which alleviates
problems that we describe and refer to as *‘piggybacking” and “alpha-death.” Our
GAI++ algorithms incorporate all four generalizations simultaneously, and reduce
to more powerful variants of earlier algorithms when the weights and decay are all
set to unity. Finally, we also describe a simple method to derive new online FDR
rules based on an estimated false discovery proportion.

1 Introduction

The problem of multiple comparisons was first recognized in the seminal monograph by Tukey [12]:
simply stated, given a collection of multiple hypotheses to be tested, the goal is to distinguish be-
tween the nulls and non-nulls, with suitable control on different types of error. We are given access
to one p-value for each hypothesis, which we use to decide which subset of hypotheses to reject, ef-
fectively proclaiming the rejected hypothesis as being non-null. The rejected hypotheses are called
discoveries, and the subset of these that were truly null—and hence mistakenly rejected—are called
false discoveries. In this work, we measure a method’s performance using the false discovery rate
(FDR) (2], defined as the expected ratio of false discoveries to total discoveries. Specifically, we
require that any procedure must guarantee that the FDR is bounded by a pre-specified constant a

The traditional form of multiple testing is offline in nature, meaning that an algorithm testing N
hypotheses reccives the entire batch of p-values {Py..... Py} at one time instant. In the online
version of the problem, we do not know how many hypotheses we are iesting in advance; instead, a
possibly infinite sequence of p-valucs appear one by one, and a decision about rejecting the null must
be made before the next p-value is received. There are at least two different motivating justifications
for considering the online setting:

31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.
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M1. We may have the entire batch of p-values available at our disposal from the outset, but we may
nevertheless choose to process the p-values one by one in a particular order. Indeed, if one
can use prior knowledge to ensure that non-nulls typically appear earlier in the ordering, then
carefully designed online procedures could result in more discoveries than offline algorithms
(that operate without prior knowledge) such as the classical Benjamini-Hochberg algorithm [2],
while having the same guarantee on FDR control. This motivation underlies one of the original
online multiple testing paper, namely that of Foster and Stine [5].

M2. We may genuinely conduct a sequence of tests one by one, where both the choice of the next
null hypothesis and the level at which it is tested may depend on the results of the previous tests.
Motivating applications include the desire to provide anytime guarantces for (i) intermet compa-
nies running a sequence of A/B tests over time [9], (i) pharmaceutical companies conducting a
sequence of clinical trials using multi-armed bandits [13], or (iii) quality-preserving databases
in which different research teams test different hypotheses on the same data over time [1].

The algorithms developed in this paper apply to both settings, with emphasis on motivation M2.

Let us first reiterate the need for corrections when testing a sequence of hypotheses in the online
setting, even when all the p-values are independent. If each hypothesis i is tested independently
of the total number of tests either performed before it or to be performed after it, then we have no
control over the number of false discoveries made over time. Indeed, if our test for every P; takes
the form 1 { P; < «} for some fixed o, then, while the type 1 error for any individual test is bounded
by a, the set of discoveries could have arbitrarily poor FDR control. For example, under the “global
null” where every hypothesis is truly null, as long as the number of tests /N is large and the null
p-values are uniform, this method will make at least one rejection with high probability (w.h.p.), and
since in this setting every discovery is a false discovery, w.h.p. the FDR will equal one.

A natural alternative that takes multiplicity into account is the Bonferroni correction. If one knew the
total number N of tests to be performed, the decision rule 1 {P; < a/N} foreachi € {1,...,N}
controls the probability of even a single false discovery—a quantity known as the familywise er-
ror rate or FWER—at level «, as can be scen by applying the union bound. The natural cxten-
sion of this solution to having an unknown and potentially infinite number of tests is called alpha-
spending. Specifically, we choose any sequence of constants {a; }ien such that 3. a; < o, and on
receiving P;, our decision is simply 1 {P; < o;}. However, such methods typically make very few
discoveries—mecaning that they have very low power—when the number of tests is large, because
they must divide their error budget of ¢, also called alpha-wealth, among a large number of tests.

Since the FDR is less stringent than FWER, procedures that guarantee FDR control are generally
more powerful, and often far more powerful, than those controlling FWER. This fact has led to
the wide adoption of FDR as a de-facto standard for offline multiple testing (note, e.g., that the
Benjamini-Hochberg paper [2] currently has over 40,000 citations).

Foster and Stinc [5] designed the first online alpha-investing procedures that use and earn alpha-
wealth in order to control a modified definition of FDR. Aharoni and Rosset [1] further extended
this to a class of generalized alpha-investing (GAI) methods, but once more for the modifed FDR. It
was only recently that Javanmard and Montanari [9] demonstrated that monotone GAI algorithms,
appropriately parameterized, can control the (unmodified) FDR for independent p-values. It is this
last work that our paper directly improves upon and generalizes; however, as we summarize below,
many of our modifications and generalizations are immediately applicable to all previous algorithms.

Contributions and outline. Instead of presenting the most general and improved algorithms imme-
diately, we choose to present results in a bottom-up fashion, introducing one new concept at a time
so as to lighten the symbolic Joad on the rcader. For this purpose, we sct up the problem formally
in Section 2. Our contributions are organized as follows:

1. Power. In Section 3, we introduce the generalized alpha-investing (GAI) procedures, and
demonstrate how to uniformly improve the power of monotone GAI procedures that control
FDR for independent p-valucs. resulling in a win-win resolution to a dilemma posed by Javan-
mard and Montanari [9]. This improvement is achicved by a somewhat subtle modification that
allows the algorithm to reward more alpha-wealth at every rejection but the first. We refer to our
algorithms as improved generalized alpha-investing (GAl++) procedures, and provide intuition
for why they work through a general super-uniformity lemma (see Lemma 1 in Section 3.2). We

27



LR RINERHINIL TR 55

Existing online multiple testing algorithms control some variant of the FDR over time, as we now
define. Atany time T, let R(T") = ZT=1 R; be the total number of rejections/discoveries made by

the algorithm so far, and let V/(T) =  _,,,0 Ry be the number of false rejections/discoveries. Then,
the false discovery proportion and rate are defined as
1 gdD)) =k | %D
FDP(T) := B and FDR(T) = E [H(T) ,
where we use the dotted-fraction notation corresponds to the shorthand § = 7. Two vari-

ants of the FDR studied in earlier online FDR works [5, 8] are the margmal FDR given by
mFDR,(T) = m% with a special case being mFDR(T') = fl_'iﬁ%\%]f" and the smoothed FDR,

given by sFDR,(T) = E ['lﬁ(“)"-e)ﬁ] . In Appendix A, we summarize a variety of algorithms and de-

pendence assumptions considered in previous work.

3 Generalized alpha-investing (GAI) rules

The generalized class of alpha-investing rules [1] essentially covers most rules that have been pro-
posed thus far, and includes a wide range of algorithms with different behaviors. In this section, we
present a uniform improvement to monotone GAI algorithms for FDR control under independence.

Any algorithm of the GAI type begins with an alpha-wealth of W (0) = Wy > 0, and keeps track
of the wealth ¥ (t) available after ¢ steps. At any time ¢, a part of this alpha-wealth is used 1o test
the ¢-th hypolhe51s at level o, and the wealth is immediately decreased by an amount ¢;. If the
t-th hypothesis is rejected, that is if R, := 1 {P, < a;} = 1, then we award extra wealth equa]lng
an amount ;. Recalling the definition F* : = a(Rl, .., R¢), we require that a;, ¢, ¥ € .7-"
meaning they are predictable, and W {(t) € F*, with the exphcn update W(t) := W(t — 1) —

Ry;. The parameters Wy and the sequences o, ¢, 3¢ are all user-defined. They must be chosen
so that the total wealth W (t) is always non-negative, and hence that ¢, < W (t — 1) If the wealth
ever equals zero, the procedure is not allowed to reject any more hypotheses since it has to choose
oy equal to zero from then on. The only real restriction for o, @, ¥, ariscs from the goal to control
FDR. This condition takes a natural form—whenever a rejection takes place, we cannot be allowed
to award an arbitrary amount of wealth. Formally, for some user-defined constant By, we must have

e < min{¢. + Bo, % + Bo - 1}. @)
t

Many GAI rules are not monotone (cf. equation (3)), meaning that o is not always a coordinatewise
nondecreasing function of Ry, ..., R¢_1, as mentioned in the last column of Tuble 2 (Appendix A).
Table 1 has some examples, where Tk := mingen 1 {3 f_; Re = k} is the time of the k-th rejection.

| Mame Pacameters  Level ay Penalty Reward oy |
[5] Alpha-investing (AI) == e <W(t-1) ¢t + Bo |
[1] Alpha-spending with rewards « < 1,¢ cWEt —-1) «W(t-1) satisfy (4)
oo
[9] LORD'17 Sm=1 & vWo+Bo & vr; Bo=o—-Wo |
i=1 3 <t 1

Table 1: Examples of GAI rules.

3.1 Improved monotone GAI rules (GAI++) under independence

In their initial work on GAI rules, Aharoni and Rosset [1] did not incorporate an explicit parameter
By: rather, they proved that choosing Wy = By = « suffices for mFDR; control. In subsequent
work, Javanmard and Montanari [9] introduced the parameter By and proved that for monotone GAI
rules, the same choice Wy = By = « suffices for sSFDR; control, whereas the choice By = o — Wy
suffices for FDR control, with both results holding under independence. In fact, their monotone GAI
rules with By = a — W) are the only known methods that control FDR. This state of affairs leads
to the following dilemma raised in their paper [9]:

A natural question is whether, in practice, we should choose Wy, Bo as (o guarantec FDR
control (and hence set By = a — Wy « a) or instead be satisfied with mFDR or sFDR
control, which allow for Bo = a and hence polentially larger statistical power.

29



FEL AR R RIS R IR T ¥

Acknowledgments

We thank A. Javanmard, R. F. Barber, K. Johnson, E. Katsevich, W. Fithian and L. Lei for related
discussions, and A. Javanmard for sharing code to reproduce experiments in Javanmard and Mon-
tanari [9]. This material is based upon work supported in part by the Army Research Office under
grant number W911NF-17-1-0304, and National Science Foundation grant NSF-DMS-1612948.

References

[1] Ehud Aharoni and Saharon Rosset. Generalized a-investing: definitions, optimality results and
application to public databases. Journal of the Royal Statistical Society: Series B (Statistical
Methodology), 76(4):771-794, 2014.

[2] Yoav Benjamini and Yosef Hochberg. Controlling the false discovery rate: a practical and
powerful approach to multiple testing. Journal of the Royal Statistical Society, Series B, 57(1):
289-300, 1995.

[3] Yoav Benjamini and Yosef Hochberg. Multiple hypotheses testing with weights. Scandinavian
Journal of Statistics, 24(3):407-418, 1997.

[4] Gilles Blanchard and Etienne Roquain. Two simple sufficient conditions for fdr control. Elec-
tronic journal of Statistics, 2:963-992, 2008.

[5] Dean P. Foster and Robert A. Stine. a-investing: a procedure for sequential control of expected
false discoveries. Journal of the Royal Statistical Society: Series B (Statistical Methodology),
70(2):429-444, 2008.

[6] Christopher R Genovese, Kathryn Roeder, and Larry Wasserman. False discovery control with
p-value weighting. Biometrika, 93(3):509-524, 2006.

[7] Philipp Heesen and Arnold Janssen. Dynamic adaptive multiple tests with finite sample fdr
control. arXiv preprint arXiv:1410.6296, 2014.

[8] Adel Javanmard and Andrea Montanari. On online control of false discovery rate. arXiv
preprint arXiv:1502.06197, 2015.

{9] Adel Javanmard and Andrea Montanari. Online rules for control of false discovery rate and
false discovery exceedance. The Annals of statistics, 2017.

[10] Ang Li and Rina Foygel Barber. Multiple testing with the structure adaptive benjamini-
hochberg algorithm. arXiv preprint arXiv:1606.07926, 2016.

[11] Aaditya Ramdas, Rina Foygel Barber, Martin J. Wainwright, and Michael I. Jordan. A unified
treatment of multiple testing with prior knowledge. arXiv preprint arXiv:1703.06222, 2017.

[12] John Tukey. The Problem of Multiple Comparisons: Introduction and Parts A, B, and C.
Princeton University, 1953.

[13] Fanny Yang, Aaditya Ramdas, Kevin Jamieson, and Martin J. Wainwright. A framework for
Multi-A (rmed)/B(andit) testing with online FDR control. Advances in Neural Information
Processing Systems, 2017.

10

35



LK ARE i X

36



[ e BT T J

Bl GEit) XmERMITFERETH

MXMER, SXWBERT AR ETPERRE T

XMERTENFT ARBERBR AN — RIS ZEH, FRGE, BANFTER
FERE. XREREESH, NRNSEXRBEFE, RANTRT BRERFRE,
BRTEEARARGRAER. FEREFHRT AKERELINNFLRE, XX
EE, FERBEFNR, e HIEZFRIHER. SACREFIRE LR CERER
X, BEXEAEM. R, FHEIER.

N

PHEADTF 200 7, XIS
R R R T A SR SO DL K SR AR
R LA o B 55 5 T 0 A I EAPP A

N /

XRER | FEBE | BB
F (10%) | & (15%) | & (5%)

B4

AME 10 14 5

Fa|

TR AEA iy I

QoY 3H| H



lidon
Stamp

lidon
Stamp

lidon
Stamp


[ B T B }

AL RFAME R (&) FREEHHORR

s B AR Ay EEl: 2024
FEWE | phoE A F5 | 3200/03 628 Tl f,%ﬂ,)(ﬁ?

NRIT B B | 248 42 A RAT 12 (49 KAGRAT 5%

mREPHMES | goxk |RW | By | TERK ﬁq;;ta?&%ﬁ‘;ﬁ%%

BRI | 4k 3818 EROLE [ 413 1] |

BRI (24D /f..ﬂ 1% 1%]‘7‘@ W{/

FRVERAAB GEIF) BRHDR: 5 LA mbpdan B % A R T A i BHE R 51941

Q. ow{ Er PR P 22 AR 150
1 phAG AT AREFEH

% @A oline 8 LART L AT
tyw 28 srRd ABE B s My RE

0. oolwe offe offlie &4 By B et T -
<A K 2ER A Y ERIATER BN

b bR T S AESTCl EE LB e

# offfned) BT | @ﬁ#,{fﬁ#%ﬁ”iﬁ@ﬁ&bﬁ

\ &P (ERO T i [k

B AR L T
B, xR ATHET
I T) Dy 552 B H

ERA (E4): fi@%ﬁ

o s 3 A | H

A1 G2 L_fe
BapNEATAN (B4

wAL 2 Al A

B kL

L SEPRE AL H R



lidon
Stamp

lidon
Stamp

lidon
Stamp

lidon
Stamp

lidon
Stamp


Hop Bl A B A S GRS ER

22 | 3200103625 k4 EE | gy | P 2001
Hl
gy | X ——T

W E E LR R R I I I RO W 5 75

RS LS

FEHRR: (B CGHRERER, FEADT 800 59)

EL5E R T & B4 BT T SR AR E W ANy e JF, Hh7es
W R AT, RELTMT WA R AR EISHE ORAES
FE B R AR b SRR T R A SCHR AR R, MR T R R R I AR
Vi 52 NS FA 3% 5% DA R 48 56 1o PR S A B OSAS 36 H 28 — 2R I B iR K
R E, IS8 THES BRI S—RB LML BRER
ISTAIK B, TEWIRG T MR A e G, BREET KA T Xt EL
R R IR EE TS, WEEE T RERE K ITED
LORD. SAFFRON I SAST 4&77i:, IAAA T M THEfHlE R A I H) B
B, WA T AT B BRET A, ORI T AT L, BP R BETERREAS
O RTHE T W b s e R R IR, T, ik (RIEAE A IRAEA B 1/
MR ER R I . TEULRER 3R DU IRAEAS R il s iR R LA
AFFRE RS, RIFRIR T ER BT

N7 SEAE R R IR A TREEA R d, RIT IR B et
W AT LA T VR B SR TS HE T 5 k. X Rb T L BB AR T AR
HSFAER, TREETHIEAS . Bl 5080 (E ek
(4 ) 33 47 W0 R SERCHR (O HEBT, 72 A ISk SRUEA T FLEHERT
HABETE A PREBEA IS W R AR A LRI 77, BRI
BHE B SR m A stk . EAXN TIXEFEHTHA U E T HE 4
%2 BB, BB H B R — AT AR AER], 51
I ] S R B R KRR . EIURERRIIESE F, RINFE
KB B YR Sl 3 1B 4 B0 T THE B 1380 M, A T IR X AN R, 3
BINT ZERHR B A E, KRR RENE fRAE AN TR SE RS [R) 52, FeAl]
AT RS B Sl e dE 4 T TAl . TR T R AL BB I  BI A HE I
R, T BERE A RS HOR RUR A 1R K LRSS HIHIIED] .

ESZE R T, BT T — S BA BRI B E AR LR . RS
2517 REEERSEOEMBIRRK TR, JEFEiR R RS T
WM TELE L B R T EAIREF, 768 CA BINEEE LT T =
S IsEEs, B 7RI L H - R L A IR R I EL IR R . 3
YRR, BB T B SHENF I SETEHEWT 5 I e A,
Eak R R R E BTSSRI,

REFEESFBERNEE (FIES) nt




1. BERER RIS RIS,
2. BESHRE ORISR,
%
%
JG
%
)
£
%
7E 4598 5 T 21 ROV B 7 7 T 2 AT AR BB A B R R B 4
= B R A X T A T A,
i
7 |7
7 R
fg
!
% 2SO, AR ST AR,
fi#
v Y
73
=
2 e e %éﬂz a1 2024.3.26
L *\[E N Py <D
| B ik u]:! O&# OF &

&

/J\ =2 AI\J
4 B LA
B

il

h‘ﬁ%ﬂﬂi’%rg Dzé

i I S T T B

(—,4
L W AR A /N £ 5 AR J



lidon
Stamp


T RFABEENRI (&) ERITFRER
EAPTC R BE | R R IRRSR A i

AN | BUEE % 5 | 3200103625 25 | K
FrAE 2B RS Lo | geita
HBSHTS | 30k RO | B i B ﬁjiﬁ%w&ﬂ%ﬂn

ABAEENS T (1) SFREN: GHESORE. TSR, S0k, FRARSHE. QIFS. X
FRSEILKTE. B3 ST S SRS S W 7 T AR

FWSUEE AR —EMPIEE XAEAME. BEENAMAEITEANALRTE, AR
R FEANE . FEEEREIE T RS T X TSR 2B

WA RS IR R T RXER, BRI . R, AT BERIINE
K. BRI RRX T A ARTERIAL G 2, BA HRAHER.

G AT EERALIFESHABREESES, XA T SMITE, Nk 75
TG R AT SRR bk

BASRUL, WXRESERKFRRER S, ERKTENILE.
BN P FEEIRGR, FARER SRR AR, TRECA IR AL,

Ei g A . N
AEER |/ Qf“'/aﬁ’ﬁm RISBVERER
WHRAZ| 5700 B [ WRAR| L g VP B | WK HE B
i %“%W?j) N ) i i

e ERAERGEETNE, FEARBARAIT <V


lidon
Stamp


[ S BT T B ]

ML RFEARRMEENIRI (&) IHFHFRCRE

B ﬁé’ﬂ?ff’z BAVER:  202%

AN | FAH | ¥5 | Jeofosbs | FL | 4%

LR GBI BH | BESARAE IR 4 £RH 5%

BEBMES | ik R | H¥ PSR | AMREBE R Lo fides

ERNE | 2005 SH24A BRI | 3981 1302

ERMARR (B2 Z&'Z/ ‘iz M AP

EREENDT (i) Bt S: (ERELSHER A R 5 T BT LR R 5 )
RN A AL

ﬁi%ﬁi&(ﬁi%{ﬂ@[ B R T
I 4R R R

R & PRRRET e ELHE & B M Efon’s fwo roup mode | FEF 11

FRAR I R4 R 9GR8 AR IAET, , 12 BEEH B
FRE B RERXEf KEEEIR T RER T ko B BB

7

S

LT T
i, LEAFET,
iy ITDNSKRRE A

-

&7 e RERELELD.?

89 ¥, , AXA B 5RZE BER4)|
575k 895Kk, 12 RA i Bt f4 -

RN (EL): év\i&ﬁ\p
202¢ & Y A 2% H

T“ 7
J i K47 Y. o
{44 S BRNATTTN (G552 |2

2004 4E_x H_e¢ H

|

L SEpRE R H ]



lidon
Stamp

lidon
Stamp

lidon
Stamp

lidon
Stamp

lidon
Stamp


=\ L\ \\N

REFAEW ORI 2 58
A B HI IR T B G

@n(l’f ) d 4l

www cnki not

o DD S LA 8 1K AL B

Ne: ADBD2024R_2024031814543420240514151519475172857230

44
14

e S8
For MBS -
X4
K RS
R 2 Y -

e E -

fif TR) S A -

AT ki
B

WivL oK 2
IWILAPT A%
B SR R 47
KEAER X
R 2 AR R 2% R R
PR e S ANV S A SRR /v AL TS A S 1 S A S A
rp ) 8T 2 B SC A SR I
$U'E%%ﬁ1umm
Fp ] o 4 SRR R
[ERERARYA
uﬁdW1W°
P SO A LE X
IJ.HXW P2, 5 A i b IR

¥ 18] 2024-05-14 15:15:19

"J'{B’L'H'{}“L.lﬁ GE s T EERR. 22 BT SO s UL BE [ Springer @ Taylor&lrancis WPIEHE)4:45)

I G 52 AR SR
FLIPERY SR %
WA 2

CNK 1A it % - LG 42 i e
1900-01-0142021-05-13

RIIESES

S AR AR
SRS Sk
NS NS

S L 5% W SR H 0%

Eikl: 5% o EH: 5%
SiRE: 2.7%  (FZE AR AIRR 7)

- [1622] SRR A8 [3]

BT [32632] SEAAER V4L (2] =B 5%
EN SN Rt (892] A E &8 [159] ML a]SRER4) 95%
SERMRA R KNE ST [1163] JEHERE BT (1163]

BEEE RN E &8 [159]

Febiie BRI v B ST T ik File {00 % 4380 5 REIESI
HH ekt 0 LA R AAN RERLSC I T: 0

1.6% (159 @ A4.5%(159) WA Vel i 3 BTN CAA0TT2)

0% (0) @ 0%(0) WL 5 Yl i S 2y 12620050

PL7%CU163) @ L1 7% (LE63) W Bl it 30 Z837 (L9900 )

16 B0
LR
R

= Lol L
P

15 5 O A 7

RS HUMLE N 7 EAF I A J

_—l_



lidon
Stamp


1 BEE e 1

Bps. 10112

FRABLSCHR S R

EBANLEREHILL: 4.5%459) HEESIRCERERIEL: 4. 5% (459)

MCFEEBIEE: 4.5%(459) EBERARGUA: (0)

1 KU 725 HE T o AR AR A U 774

B - (CRFARUIRE TR - 2023-05-21

2 KHUEREHEWT P RR B 1 77 75

TR - (RIS HEA LR EY - 2023-05-25

3 KTHMAEAFEHTEHM LiouvilleZY 4] MEH A

TEF - CRELERCHRAGHEATFEY - 2023-05-23

3. 7% (372)
BEIE: &

3. 7% (372)
BEIE: &

0.9% (89)

=ARINE: &

2. JEE Bkt 3L S8Ry

REH. 12620

FRALSTHiR 1) %

EBAN AL 0%(0) HBRTIHAEREHIL: 0%(0) XFEHE: 0%(0) FELUFGHA: (0

3. JUEE i3 SE3E

SFEH: 9900

FRABASCHR D %

EREARASCERESIEL: 11, 7%(1163) Z[5 A EHILL:

11. 7% (1163)  XZEHIEL: 11.7%(1163) EELEIZTMA: (0)

—

it 4 5 R BT 9

LA - R A TR ) — 2018-05-23

2 BHNLERESRVEM T2 53R

et - ORI OB L AT EY - 2019-05-30

3 PRANFER NKOSPT200 IR E 1 9 UE T 72

FHGINE — IRl SCRE LEAE Y = 2022-05-16

4 BABE 1~ /15 e 3 B SE 05 3 0 Sz by

Poits = R RS EL ALY — 2022-05-16

5 FRLL AR BAS R (T BLHLRL L 77

VIR = G eI L A ) - 2022-06-16

6 LTI LTI TR R RS

VM~ IR I LA EEY - 2020-05-26

T RBBYR T R EE R ok

AR = IOV T EE ALY - 2019-05-16

8 RGBT o IO T

Pt = AUl LI AT EY - 2021-06-18

9 Lubin TatefE30HE S R a2t

BRI - CIie LA L ATASY — 2021 -05-23

10 W3 AH A 702 L R S0 A& 52 PERT 7T

Mg = CREIR A LU MY — 2022-05-16

L1 K 3193220 [7) 2 RF 9

B - OIS WP L ALY - 2022-05-16

12 S4B A I RIEAL

VIR = ) IR LA 1ASY - 2022-05-16

13 WA R0 2 HEDT W (S #5 B M A L] 7

WOED — DI QI LAY - 2023-05-21

14 KA [0 20 HE W e (g B s P A 11 v

WO - OGS LE A - 2023-05-25

9. 0% (892)
RESHE: &
8. 6% (851)
RESNHE: &
8.6% (854)
RESNHE: &
8. 6% (854)
REINE: &/
8.6% (854)
RESNHE: &
8. 6% (853)
RESE: &
8. 6% (852)
REGHE: &
8.5% (811)
REGHE: &
8. 4% (827)
EBIHE: &
8.3% (826)
REFHE: &
7.9% (779)
REGNHE: &
6. 0% (598)
BEIHE: &
5. 1% (509)
RESHE: &
5. 1% (509)

ZE5IE: &



15 [ £ il 2% ph i i 75

ZEAE - (RFAIBICRE X EY — 2022-05-16 REEIE: B
16 3160101779_D 77 %0iR EHELE sp /NS FE R A Y L H

OF - (CRZEEREROILE) - 2021-01-15 EBIE: &
17 3160101779_5 77 %0iR EHETE A/ kA5 $F K% A ) B2

7 - (REERXHAXTEY - 2020-05-28 REIIE: B
18 3140102558 Mt B FIRE %MV B RILEME RS

B - (REFEERCIRA LT E) - 2018-06-01 —EG5IE: &

W L BOCEESIL: BSOS E A RS R T S
2. RERSI A CREHILG: EFRRGIRFATI HIGERE, THEHROEST RIS TR S1tes]
3. BB ANSCHRE ML : REREFEAANRE, 11 HHROESFHAL TR DA SR LLs]
4. PSR TR ARSI E BT MR LR /S, 22 50 B = B BB B A8 — % STk 9 3L = R ) L
5. ZHitL: %M “IUEAN” SN, RE DKL
6. fahr 2 I RGUARE (AR AT A S brdt) H2h 4 RA)
7. RARLFEHIEAS 502 CFRR5 AEA (BRERGEE N RBATI AT 474 6 - RN R KRB
et 42 R B A AN AL TR AL 2>
8. AHR A U ST R A LEXT I [V R SRS R P Py 2 R 4 5

amlc@cnki. net

€ https://check. cnki. net/

https://check. enki. net




e |
FTASHENEERARE LW G HEXMRER

RXRE | e e F 18| 6 2 TR Tk
= 5

k) PASIE 3 200p3625 R4l XK
24 | BIFE
BHE =
RENE RBE K arilll ey
=) ;mx)
o 1. RE—%E—F (EEEREM, SERYEHFER) 2%
ﬁ%$ﬁ 0. REEHE GRS MEMABMEAER CFR—BALTF200F) | | V
3. WERELKRE EHE V| v
1. ESPRAGHEE R, 4, MBI SR AL SERHER | v | V
TN | 2. EEBREERSENEL. FHRELES v |
E5TFIE | 3. X, THEREERETHSER (FH—BALTE 150 7,
e 42 R AR 75 TER (AT )2 35 5 T FF R 1)) % v
I, CRERRE 8 ML GIXFLT IR, WREERENME, wE | |
TR, FH3000 Mk
= ik | 2. HERERBHAER, WARE, FH 3500 UL J | v

ik, FF | 3. BB AEEME, ExHE RS EAIES LY, %
BRE . | R SORE BRSO, OIS RE R SRS | V|
SRSCSTIR | FFHERL, SCRMEB S, 304 TS, WIS, HIRERBHEAI
% 4 Sh SRR R SCRE 3000 0Lk VoV
5. ERYABNE, REWERE. BeEZEE, S TmRRTIRMLELE

B A (B REIET]. 16 i) ViV
. JPE | 1. ERERTERDEMEE CFA— 200 FBLE), MEFRERES | |
Eenr b | WEARRE, BEEERIN AR ER
B 0. EREMNAAK CRERES2N) RBHE4 v | v
g | PLRX G BRREAE, v v
oy g |2 RS (B BARGRE ST E J\| v
e 3. WS ETRARE, REMFEA. LS AR, RADE
) . v Vi
1. ST R E . o (P 200 T L), RELEL,
B E RSN (BTN VARV,
2. REAEFTAEL, WHERERAL. o, RAE “FEEH
ST VIR, ER (RS2 RESL, S4MAREEW (B | V | /
sy | TEHED
o (i |3 EWERETRE. WL, RAVANER T FRTER, AABREE
e | R ATHERERL N, RTHERA. RuaEs, 58 |V |/

AR B R
4 ERERNAREBFERT A, R (FHER200 FUE, R
SR T SRR

. BpE/NMAEK (RN REEHA %

N

C

2t MAAE HiE: 2020£5A278
SIZE4Z « ‘ H#: 20245 64278 B, RPN G
¥BERMTE: ) oy, € 2%



lidon
Stamp

lidon
Stamp




