=

aFESRICID

- SRR -

I T ARRER B 24> BBy
SCHRFAREAHR SCA AL 2 BT

FEE TFH
(R KFGEERER, KX 430072)

T FRLBKT )RR X 5 BB G T T LR 9kl TR XBRAE R FEFLR
P I 4e 1k R EAE A BAEA XF BB 09AN, ARBAT AR ik F R T IS, RAAF I ZKE, 22 A
AT R AT AR R A 0948 K A2 8 P AT RE KRB IR AT, B E A AL REAK
N, MAFSCAR 8 3 2 — PR FT, AR E— AT AL A B 5 I A EAA XS RRA T
*, MBE—ERARAN TR TR, KREAMA LA MR MENEZFIER, ki Skt k
SCA B A8 Kbk, AT SR I SR P R AR & ST AR A 3R 5], WA Text Retrieval Conference st LR E A
B, BoiE K PTAR R 8975 Bk 0970 20, 1ERA 1% 75 ik AR 95 Beik I AR 5 B AR KRG SR, LA A A A
T X T KB R, AR SAFAR LARB T ZAE LA TRHILEEL,

KAETE): K R A RAARTLMR; B FT
P 5£5. TP391

DOI: 10.3772/j.issn.1673-2286.2022.11.009

FIAER: IR, THW. AT AR FIEF ] e Lk A AR X LA A3)RA]. ST A

#wiz, 2022 (11) : 34-42.

UTAER, JEAE S W2 H AR A g PR 12 ARAL
it DI T EAR BRI, AR SRt R a0
Ko 20154, (NAEBEZFAIE, 8RR HA 22 2005 # it
SCRRN . R SCHRG BRI G SCRR AR, B 4%
BHE AR THR, T 7E R nT R/ R TRl Ay, STk
HREUR AT REZ (A S 5. BN AR LI i 8 TR
53] BN S EERRIGE, i AR ST H
SIACARER, VB SCRZ ORI E SR (4 T T RER Y.

TR 2 Bt 5T BEOGTE AR SCHR I RS, E
A G A% AN LA 25 M A4 B 2 b R Ak
. BUG . R SEFAR SR B ZH B oy, e
WL TR AN EERAANE, BRAFEEHT
SCPESCHRIZ O o 22 ORI 98 2 B, Ml i F T 2 300
SIS AR, DR O SER . B R R IE e L
AR A5 RO, Futrelle! AAEY R} 224008k ) STk 51
JEFFRIETE, I AR SRR A 1) B 3R S A O SCAR iR

R ICI50% . AHIR T OCTF A, BRI R LA
W TSR YE, D B B R RIS
I, AR WA BB O A AR E S, & —Fh
B BRI PR e AL B SCHER T AT T B B EE
Springer. CNKI. Semantic ScholarfE )% K EHE
FR R 55 7 8 0 SR I B R N R VG, $R it
SCHREI AT R I RE
SR, AT MRS A e, H R RAE T

SRSCHER IR, el e ek, LAai it it
NEFE T SCHRI SR IG IR AR S BP0 AR S5 DG B i, R
TERXBA — & B3 Gk, R H 45 AH Q1) ATk
W FEERZ L&A G BRSBTS S T, S8 AR
M 755 AR ARG NS Yo [ SHERE 7L £ 0, AR
PER AR T A2 HEAE SRS R 2 2 PRI 32
TG I B AR B o 152 5 DoV kR 3R B A SR ) 3
P, AR R bl R S SR 2 B, BRI

* KRBT R 2120215 B Au A ¥ B QI AT R RAZR B R T IEA F ) 6 T AR AR A AL UAS AR

34 202241148 (FREE2228A)

(%% . 211000090) 8,



BEE, T+ BETRBRERNTESRES M RISEERSER A RS

TLiEAT B g . Bk, MEFEARSCER SRS
BIEAH G HME R, oo T B 1 2 78 o B AR A% ) 255 30, 1
A8 SCHR [ S B[] B (R I S e

9 SEI A IR A AR SR 5 R A AH G IR B
BRI SR PR B AR AR N ST AR TR AT AR
BB, AR H—Fh T RAR R R AHLAS 22 210 e
BOTE, B s RN BT 2R R, KRR L
FAE N5 R WA TS AEAH R B SCA BrBe e I
FRFE R SCARRRE F Ak L, A HNLES 5 21 0 28 5 vk
XPVSAEAH G SUA 5 AR RS K AH S HE 2E4T HI T RS
JH T Y £E A Text Retrieval Conference<s Wit X #,
XA M7 3T IRAE, 33 TR G4 R

I FHRWESE

AW T T RAG L R AL AR 2220, SLIRARA K
SCAHIRI, 32 B K RAR R 45 8 (6L LS RAR AR 5 3L
A SO PIANIK, H A B FOIRDL T T o

L1 FA% IS L

[ A 412 5% PDF SO HR i (R R s e AT T
Z 5 RN I . S5 07 W SO DL 24 2 S0k Oh 2
WA %, HEBCCERPDEHIFTA CATC R, e R
P R SC A T TE X3, K 3R A R LT 1 X 380 A e 4 BT
FE X3 . T F 1 25 Vg FIL A8 WO 4 R FIPDF R AT 4
Ay MBS 2 G A5 53 A AP 0 A 5 40 R R 2
FE (56 5645 8, G0 3 0T PDF A LT %o R 3k AT S8 2K ok
e B R A b o FHERAESEN L F pdfplumber, BitT—
I T Python T & X PDF SCAY o (1) bt E AT IR 51 A4
I Siegel 54 h—Fh7E K B FHF SR A E
TV B v oA A I G B g vk, R A AN B a4
YNGR T— AT AR I (R B A0 28 WX 5% o TR IR P
SO R R FRE BRI 2 (A RE TN G348 R T A
275 VLS PDF [ MR o 1 AP MR 45 9 4 2
B, Wl A%y A HARKS 50 (Faster R-CNNUY, Mask
R-CNN'" YOLO" %) | HAUNZ M4 (CNNM 1
FIHPZ % (GNN'D 2%,

1.2 ARSI SCA L

FARAR ISR PRI I FE L HE S8y A% 2E

RHR I B T 19994F, FutrelleZ5!"F Tz T
ANRHE SO B R EE B, vhie T B SRR
T R FEAAH DG . TainZEP R Y T — R T
B JIWLEIIR S 4 2 Encoder-Decodert Y, 1A A g
BRI RN Z AN A K, (0 LR BRI AE T A e i 2
PR AR AT AL H . Yu2i PR R R HOR,
TRV AR ARMAE R 27 AR SR r ) 1) 7 AN R 2R AT B R,
PRI R4 Bt e 5 R MR AR . Agarwal %)
T3 T [ Bl R A I 5 SR R ) PR e A R R A S AR
WE RS FigSum, 25 B 25 A A 2 4 28 ) 74 1
BRERENY GRS SLIMBE R RNER 5.
Aid, FigSum i SEie s (5L T-44 A P e 7 4t 18
S EIRR, IRz AR A R — P A
Bhatia% PR B SO SCARF S B R IA) T, THEEER
SCHR AR AN )15 51 A AR AL RE R 422 30 B, DT Af
TE 5 EIRAH KM SOA; BhAh, IR FE T anqer i 3 e £ 11
IR A 2R/, DATEAS B 00 56 2% P55 R0 A2 i P i K
[ A1 TakeshimaZe P44 —FA EAL BN L,
TE B B A 7 R ) R E B R SRR R
TES BRI B B A) o ParkSE IR H T— R T
AARI . AT SCIESCH i BB R R M SCAR IR 7V, R
A FIR R R, SR AR TE SOR i B B R AH A5
BRI SainiZEPOHR T FH 10 T8 B U7 vk
(FigSum++) , {88 F 22 H x40 B0 AR R 5 4

(1305 F B A R R A L A 2 T A A B R
R R R G AT T R EEPEAS . diPolepalliZs™ il
b A TOFAS [R] f 1) g B O 4N s E R I 3R, X —
FAFigSum+RG AT WA, FFd@ kR A%
FIFIROUGEZ HOR VG MR 45 5L, 45 R & lf
MFigSum+ R4 & T LI BT AN RS, FIS0A
0.66, ROUGE-1134370.97.

T SCHR BRI, WA AH ST FEATS A A T Ui
Z k. OB R — R MR, HRAE AR
HR HH ) A AR BT T 0 BRI D, W 785 I et
Bl R R S5 R A AH OG SCAS o Al FH () 75 V2 B A R
PR, WndE T SOARARALRE . B A T REE, 4
MK B N AL B, 3 DAY R 21 B 22 AR SC R E 4
£ b0 AW TURTHE 0 5 VAN 2 R A A5 K i N R
Wal, WA N AN A A R (0 Ak . eah, AT TR
RN N A& 2 SCR R R R 7B, SR A A
KA.

JUE ARSI IR 7 2k B AE R 2 AR SCHR JiR S

2022fE 1158 (R5E22281) 35



STEERICID

SRR RE R, A8 T CARE LS, HATh
P AR 2L F B 2E BRAH ORI FU 4R I 4. EAh, RARA
TR 1 B 3R A BEAE 5 BRI D3 bR B g8 R
WA IRTFAAR T TARRCR . BRI RR RO E L
JT R AR

R T RAMAR R FOLE 5 > B By
Iﬁﬁ%ﬁ%lﬁ 2V

2.1 [AESE

ST H T R B AR E SR 5 I 4 HCE AR SR
PDF RS DL R AT 138  fPRE AR AH IR 3L
AR o ASHITORGRAR AN IR SCAS T SN — 23S A BEAT 1
A BRI, R R HA S
Fi&Table 2HH I SEAR %M T2 B ALAE % Ak
Krdabs B AR AT IR, RMEAN R AR EE NI
TR AN R DL A A S P e SR AT EE 73 Ao

2.2 WrEEER%

FERTE IR 27 AR SCHR IESC R, AR 20 16 SRR b
S e B BT HAR R 7R FR B 8, 2T N 4
RIPR, FAGhR -7 2RI R T R R AR A
HRIGIH . FET XA G EINE, A SCRRM A EE
], A R U7 A IR SO A R R A% A2 AT R AR
KIER. FEIRHAE, BT R CT AR AR
MSHLH G LBOR, R RA# B SRS
HARRAEAFAE BRI AR, WA R L E 4T vpoxt T
HABTFCh R bR ERERI A 4 DRI, 075 EETE UL
XIS R B R SCAGR 155 BAR A AH G247 H W o

AT —Fh T RARAT RALAS 272 2] BB
SCHRFRAE AR SCAIR B T5 1%, W IC R B0

BB T AR R AV AR AN IS STAS IR IR
I SEDCSCHR A R A% B AR, AR R HE . RS AR
2k hit B A, AT SRR, RIS R AR
A AR IR R IISCA

36

202251188 (

2.3 Documents as visits

The guidelines for the Medical Records Track stated that the unit of retrieval should be a
single patient visit. A visit is a single admission for a single patient — if the same patient is
admitted on two different occasions these will be viewed as two separate visits. Our approach
was to treat individual reports as sub-documents and compile them together with all the
other reports pertaining to a single patient admission into a single larger document. The unit
of retrieval is then a ‘patient visit’ rather than individual medical reports. As all reports for a
single visit are concatenated together we make no distinction as to the different reports type
radiology, discharge summary, etc.

3 Results and Analysis
Table 2 reports the results we obtained in comparison to median values obtained across all

systems. Overall, our concept-based approaches demonstrate improvements over the median
of the TREC systems.

infAP (%A)  infNDCG (%A) R-prec (%A) Prec@10 (%A) Recall

Median 0.1689 0.4243 0.2960 0.4702
AEHRCO  0.2130 (+26%) 0.4630 (+9%) 0.3251 (+10%)  0.4894 (+4%) 0.6406
AEHRCsub  0.2163 (+28%) 0.4682 (+10%)  0.3314 (+12%) 0.5043 (+7%) 0.6702
ARHRCI  0.2066 (+22%) 0.4614 (+8%) 0.3140 (+7%)  0.4596 (-2%) 0.6675
ARHRC2  0.2128 (+25%) 0.4608 (+8%) 0.3205 (+9%)  0.4553 (-3%) 0.6803

Table 2: Comparison of our concept-based approaches to the median result obtained across
all TREC systems.

3.1 Concept-based IR contribution

Results are heavily dependent on the quality of concept extraction provided by the MetaMap
system. MetaMap only identifies UMLS concepts, which are then mapped to SNOMED CT
concepts. Mapping between terminologies may result in a loss in meaning from the original
query or document. Certain UMLS concepts have no equivalent in SNOMED CT, such cases
were found in the worst performing queries, e.g. query 178 “Patients with metastatic breast can-
cer”. Nevertheless, our concept-based baseline (AEHRCO0) provides consistent improvements
over the median of TREC systems.

3.2 Effect of Weighting Concept Relationships

We now consider the contribution of combining weights of query concepts and related concepts
for scoring a document. [Empirical results show that considering related concepts along with
the original query concepts can improve retrieval effectiveness; which concept relationships to
consider and how to weight these is however a challenging issue. Our AEHRC1 and AEHRC2
submission have proved that not all concept relationships lead to improvements of retrieval
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As we cannot get the whole collection, we only deal with
cach topic onc by onc through our system. When we get the
final results, the tweets of different topics are independent of
cach other. And our system mainly contains three parts as the
Fig.1 shows.
®  The first part is corpus and preprocessing. We already
detailed introduce this part in previous chapter.

® The second part is query expansion. It is the most
important part. First of all, we make use of the top 100
tweets in the new corpus file of one topic to get the
expansion words through our methods that will be
introduced detailed in next chapter. Then we combine the
original query words with the expansion words to refine
search with the following formula:
The new query words = the original query words + o (the
expansion words).

®  The final part is getting the results. The number of result
tweets is 1000 by one topic, and one result contains the
topic number, an unused column, a tweet id, the rank, the
score and the run tag such as ‘MBIIl QO
311248486941200386 1 -4.13049 BJUTFreq’. And we
set the score with tf-idf model.

III. QUERY EXPANSION

In our system, we use three keywords extraction measures
for query ‘which are resp based on the
frequency, words’ spatial distributions along the text and the
theory of Shannon’s entropy difference between the intrinsic
and extrinsic modes which refer to the fact that relevant words
significantly reflect the author’s writing intentions.

For every topic we import the top 100 twitters which are
pre-processed through our system into one file which we
consider as an initial whole text. All of our three algorithms are
based on above hypothesis.

A, Frequency Measure

This frequency based method is st as bascline. In our system,

‘we count every word which appears in the corpus, and build a
‘map structure to save statistical data. We filtered the stop words
in our corpus by using an English stop words list. After above
all works have done, we arrange all the words in reverse
chronological order and select the top-5 words as the expanded
key query words
B. C Measure

P. Carpenas ct al. [4] suggest using the statistical analysis of
spatial distributions, i.e. spectra, to detect relevant words with
the same occurrence frequency. They claim that long-range
correlation or clustering (self-attraction to each other) in the
spatial distribution of relevant keywords is an important feature
of human-written texts, in spite of random occurrences of
irrelevant words. Normalized standard deviation (C) of the
nearest neighbor spacing is used to characterize the spatial
distribution of a particular word.

ANERTRG], BSREA R SCATR B, AR
NARSCER 5 3T IR ) 5 AR AR SRR AR

TABLE 1. RESULTS OF OUR TEAM

Run id MAP R-Prec bpref P@30 Methods
BJUTFreq | 0.1088 0.1610 0.1891 0.2328 Frequency
BJUTCnor 0.0729 0.1137 0.1431 0.1822 C e
BIUTEntr | 0.0731 | 0.1174 0.1493 0.1639 Entropy
Differences

El4 Ri&RG

[ U}

N TE T

@

Where o, = % and the parameter o is defined
P
as o=s5/<d > with <d> being the average distance and
s=V<d® >—<d>? .

The C score is our purpose value. C= 0 indicates that the
word appears at randomly, C> 0 that the word is clustered, and
(<0 that the word repels itself. In addition, two words with the
same C value can have different clustering, but the same
statistical significance.

C. Entropy Differences Measure

Yang et al. [5] propose a new metric ‘Entropy difference’ to
evaluate and rank the relevance of words in a text. The method
uses the Shannon’s entropy difference between the intrinsic
and extrinsic mode, which refers to the fact that relevant words.
significantly reflect the author’s writing intentions, i.c., their
occurrences are modulated by the author’s purposes, while the
irrelevant words are distributed randomly in the text.

The idea of intrinsic-extrinsic mode is based on the general
idea that relevant words are clustered, and therefore the set of
distances between consecutive appearances of a word should
consist of small intra-clust and large inter-clust
distances.

A simple way is suggested to distinguish the intrinsic and
extrinsic mode, the positions of the word occurrences in a text
with frequency m are denoted by 1, &5, s,....1,. The distance
between two successive occurrences of a word, can be written
as d=t;;-t;. The arrival time differences belongs to the intrinsic
mode ¢ if d;=< 1. Thus the intrinsic modes entropy of a word
is defined as:

H(d")=~3 P,log, P, @
ded*

Let d@”= {d, |d;> 11} be the union set for all d,> .. We can
define the extrinsic mode entropy of a word as
H(d")==Y" P,log, P, 3)
ded”

Thus the entropy differences between the intrinsic and
extrinsic mode can be define as follows:
ED"(d)=(H(d"))" ~(H(d"))" [©)
Obviously, a word with different p randomly placed in a text
would have a different entropy difference between the intrinsic
and extrinsic mode, the FED,,, the normalized entropy
difference measure £D,,, is defined as
ED;, (d)=ED'(d)/| ED{,,(d)| “
When we have calculated the £D,,, for every word, we can
sort words by using it. A word with larger £D,,, explains that it
plays more important role in the text.

IV. RESULTS
In this year’s TREC Microblog Track, we submit 3 versions
of runs which are shown in the Tab. 1.
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Automatic Recognition of Table-related Text in Literature Based on Table Retrieval and Machine Learning Two-stage Method

HUANG JiaNi YU FengChang
( School of Information Management, Wuhan University, Wuhan 430072, P. R. China )

Abstract: The tables in academic literature concisely represent the core knowledge in the literature in a structured form. Numerous academic search engines
have integrated tables into retrieval results, which may help researchers quickly grasp the core knowledge and improve the research efficiency. However,
while solely displaying the table without offering related information about it, readers frequently fail to fully understand the table’s content, hindering further
improvement of literature reading efficiency. We propose a two-stage table-related text recognition method based on machine learning and table retrieval. Stage
1 uses the table content to perform a full-text retrieval, and the retrieval results are regarded as the text potentially related to the table. Stage 2 builds a machine
learning model to determine the correlation between the table and potentially relevant text, thereby realizing the automatic recognition of relevant text in the
literature. This study utilizes the dataset from the Text Retrieval Conference as an example to verify the effectiveness of the method proposed in this paper. This
method can easily extract text related to tables in the literature, which can provide a reference for the existing research on extractive summary of scientific tables
and it is of great practical significance for improving the efficiency of literature research.

Keywords: Scientific Table; Table Understanding; Machine Learning
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