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Abstract  With the development of data observation and collection methods, scientific big data is
growing rapidly and driving paradigm shifts in research. However, scientific data, scattered
across various data warehouses and personal databases on the internet, forms “data silos”, mak-

ing it difficult to effectively integrate and correlate scientific data. To address this problem, this
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paper proposes a scientific data mining and understanding method on the open internet, which au-
tomatically identifies scientific data and extracts key fields in a structured manner, enabling effi-
cient discovery and management of scientific data through machine reading techniques. Specifical-
ly, this paper integrates multi-view web information to design the WebFilter, which understands
and classifies webpage-level features by combining the structural co-occurrence and semantic rele-
vance of the webpage’s DOM tree. Additionally, this paper designs the WebReader based on
DOM node heterogeneous associations, which performs structured extraction of key webpage in-
formation through message passing in a heterogeneous graph network, forming a scientific data
profile. Several publicly available datasets were used for experimental performance evaluation: in
the case of webpage classification, the proposed WebFilter improved accuracy by 1.39% to
3.71% and the F1 score by 1. 42% to 4. 10% compared to the baseline model; in the case of web-
page information extraction, the proposed WebReader improved performance by an average of
1.40% , with significant improvement under scenarios with few training samples. Furthermore,
based on the technological research achievements of this paper, an open scientific data system,
DataExpo, was developed for the field of Earth sciences. It aggregates millions of scientific data
and provides data services such as multi-dimensional queries and map queries. DataExpo has been
applied in the “Deep-Time Digital Earth” international big science program. advancing research in

data-driven paradigms in the field of Earth sciences.
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Gk 2 MAME N R A KRB — S TR L — 1
JRFREAERY AL R RS R o, (XTLESD BE T
5 S R T R R TR Y
578 HEEINENEE TN
al, (X" ELH) =

exp (LeakyReLU(WX ! [ WX 1))
Zkew’ exp (LeakyReLUWX ™' [ WX, )
Hr, ES) RRHE 1128 v, 518 v, TERHE
WIE p FRARHIE, @l X s W 7RG
B SCHR T A 3

RZGE L 2 R ALY Softmax 3F e M LG
BRECVE D i 2 R AT 2R
3.3.3 [T EEAE WebReader Il ki 72

SRR E =R TN I N O TR R E R A el = )
W B SCA T g v R D R A, B DG 1] 3 A
WebReader 3% £ Focal Loss ™ 5 2 W 51 45 5 48 26
AT 55 A 400 2% R B, HE 3 5 9 A ) 28l B9 A PR
T AR TR B O T XE 73 2 A AR A, DA T i T A T 7 A AR
AN ST A R 0 I 5 TR M A [ T, R R eR Y

-1
ijp ©

Ky

Lr=>) —w,(d—p,) log(p,),

y=1

Ho, p, KRB T y IBIAER, w, K
TPy WU HIACEE , By AR A TE I 2R b (1 2 L B
PR, (1 A5 A5 TN 25 T 0 Q3 2 B T R AR
v ARSI R, BT LR A TSGR AR,
AT 3 — 2 fifh DR A A AN - 4 ] 8- i I g [ 2L

TEAS T vh, FRATTR T2 TF RS 48 X0 T 4 1 i
ERAEHLER 230 5 P 7 % WebFilter 1 WebReader
AT PERR I IE

4 KWEREHHN

4.1 HIEE A

T4 B E WebFilter B 9 5T 43 2568 11, LA
F WebReader i M 5115 B 42 HLge )y, AT R A T
J Iz A N TR SR AT U 5 0t . 4k I it
SHEAT S R T WebKB™ (DU BT & £ i WL R
ZRAK 6 M T, 2 8000 M)  SWDE' 8 4~
[F) 5 38 P A 1T I 3, T 80 AN I Rl 124291 A
) Ml WebCLS " (Kaggle ¥4 F G 9B 16 42
ST 1408 A9 5T 55 BOHl B #EAT S5 . B X ) L
=EPRIT S, R AT SWDE™ fil Klarna 7 & MW
TR P AN R 8175 AN EL S HL R 45 M 1
51701 DF-Bhbric 1™ & 0L D #4780 9E. SWDE
M TTAE 8 FRANFIZRAI W 0T R i & T 3—5 )@ PEE
NEER B IEAR E H AR 10 Klarna 7 & R0 48
A BN LR S M TG R G H A s fE T E (il
SCHAL S WY D K 3 AME BT R G2 A%
RSB R .
4.2 MTT5EHEBEIFEN

W BT 43 255 M AR T4 48 B R FH B R (Ace.)
F1 3 BOR AT VAL o F 143 8O KS § R 0 4 [
R I S48, DL s S VA W R . Bl 4R
H 2 gk AR A e R 6 2 2 ¢ 2 BEAILI 4.

ST A TERT HE VA AR SCT 4R Y 3 T I DT 45 4
FE L ZARMEE DI, R T — RPN
T HEAT M R X L, A 4 R SCAS g 1 Y BiL-
STM"*' | TextCNN"*'  BERT™ | RoBERTa""", L4
Kb & W 0 Z WA B AR ) RISER™Y, DC-F,
SMGCN" . GROWN+UP"™ | %t T filf A ¥ i 4
BRI AR SCE T EE M 10 ASBENLR T, I ER
BV AR AR P A SR 2R N AR . N
PRAE2A ST —BbE BT A 5 1% 30 5% FH AR TR) 1% 254 4
Sy BN BEHLF T, S50 AR .

F 2905 T W L4 84T 55 #E A ] IR A AL 15 A
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SCHTHE Y WebFilter B8 [ (%) 1 fE Xt Eb L I 45 ) 0
TE58 B e ARSI Y WebFilter 581 58 4% 75 54
PEFHAE M DU 24E 55 BibEnRe . AT ORI
PN Z2 A0 A DAL R R MR R BT 1,39
3. 71% . F1 /BTt 1.42% %) 4.10% ., Hwk,
WebKB il SWDE £ 5 4 25 #4 {5 B4 Jy 5 — , W L
PASCARAE Sy 3220 02 A B 38 3k AR, AU T 4 SOAs

J5 ¥ (40 RoBERTa) € 28 1 LLHUAS A 4 1 PR e, 2
AR EAEMET R F1 A8 B TR 8/,
T4 M FRAE A X B B WebCLS a4 A ) 3¢
AR B — LA ) T 05 T 2 T BTSSR LA AR A
BOHRMERE AR, M KA G G R 2
MAA1E B GROWN+UP Hil A SCHE Y WebFil-
ter BEA

R2 WS LML WebKB,SWDE, WebCLS #4E & L &Y 14 881 F 4 73]
B A WebKB SWDE WebCLS

BT /1 B4 b Ace. 4 F14 Acc. 4 F14 Ace. * F14
BiLSTM!* 85. 2640, 44 86. 4440. 82 94.1240. 12 94. 7440. 20 84.3740.45 86.3740.72
TextCNN 85.5240. 64 87.17+1.25 93.21+0. 24 93.570. 30 84.29-+0.59 86. 68+ 1. 01
BERT'# 91.23+0. 34 91.15+0. 35 97.8640. 08 98.0140. 21 92.8840.29 94. 0840. 52
RoBERTal*" 92.7540. 35 91.4740. 47 97.670. 12 98.31+0. 27 92. 68-£0. 30 94.1240. 52
RiSER'*] 85.96+1.13 88.35+2. 21 95.1540. 34 95.8740. 78 92.0640. 59 93.6140.92
DC-FL%] 87.2140. 65 87.51+1.47 95.25-+0. 23 95. 96 0. 54 90. 23+0. 84 91.24+1.12
SMGCNH 89.6740.79 92.32+0. 34 96. 2440. 74 97.0140. 58 90. 0240. 34 91.6141.56
GROWN+UPH™ 91. 7840. 52 94.0140.43 98.124-0. 47 98.2240. 72 93.9440.76 94. 6940. 46
WebFilter 94. 834+0. 21 96.24+0. 38 99.504+0. 12 99.7340. 25 97.56+0.23 98.7440. 64

N T HE— B EE WebFilter #6144 4B He il A
ROVE S T SURRAE 22 00 R B A (S50 4B 3 1 i
SCHASEME) 9 T b Ak 7 75 R 1 & T AnE 4 BT Y
TH RS2 56 E AT B0 TIE , v S 349 3t 2 8 4 F 7 2t
PRAR TR AR SCHR 0 35 T 3 i Ak A e, S 4
S WA B 0 18 X TR R A A kv LA T
PETE AR R P B A A Bl A A e R R
K BTR A RAE . B UL, th T AR w4 it 7
4l AR Z AR HAl A5 B X RS R 2 R — 2 R
Fho HUR S50 R SCIEVE R R AE 3 S A B, AT
M E DOM Graph 9 a8 1] (915 5% 34 , 3 5
BRI RAERE S1 . i — 20 M, 7F WebKB #5454 I,
HY T 22 55000 T 45 A8 R AIF 45 0 AT 5 o SCIRT 4 A A
BT EE W, 55 RS B E A N &
BBt Ak, A< 5256 off Transformer 2 EH T
RRAE LG o R HF 904k 5 Rl 22797 SRR AE , 30—
AT UL o A

B BATTLL WebKB 48 5 o0 1 F 17 2 50
JEME Sy AT S, AL 45 4 R RN LR AR R A

A 5

Bl 4 WebFilter 7 WebKB B 4E I 1 1 il 52 5y

G P R RE: S B K A R AL o FNZE A
FIREHLTTE B AR K K, = ESELnE 5 iR,
(DS540 B AE SCEI AL E R BEE A L0 3 1 &
WA R AR E RN F 1 20 B0 S e T R R R A
F AT L, 45 4 1l I SR AE O AT o] — AN B 3 4
WA ASE B P E , H WebKB B4 |24 A =0. 25 i}
ROR S AE, RIE SCEE S SIEM. () 4288k

WebFilter 78 WebKB i 4 I A9 #H S 5L %
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P MR T ) T BRI R B4 R 2 RO A R 23

B SR B A 8 2 AU R 8- Y o /NI AR
O O SR 2% 20, 4R B AR R 4 S 4R o 4 =
SYEH LA KB o =0. 8 IFHERERAE. () LEHE
BEALUEE B AR K . Y K, /e 25 i 1 2
ST BRI Jr B 45 0, =2 25 A AR R
ANEAMY R, 7E WebKB 4t i E B K., =
IPANECE S e
4.3 MTEBEHLHEUERITEMN

BE X 0T {5 BB TR BR R T FL Ar Bk AT
M. Ol 4 T VEAS T 4 50k A Al L S 56 vh ik
AR HE BB SSM B HURRAIE Y T 4 28T 1
FreeDOM“* fil SimpDOM"*, J& F Transfor-mer
A ) DOM-LM""  WebFormer™*" . Markup-LM™"
A WIERTS 5 sk i A7 %) Fb o

7 DT S B A I S5 b BoE AR R oy
X5 MU AT 55 AR T B bR o i i R R
IFi) 225 A) 9 [0 4 3 4 15 02 Akt BE L DT BT DA 2>
I ) s R L DR IR R 4 R e e R
Iei) 4y X 3l o 280 R U e/ 0 i 4 TSR 4 L O kB
IFi) 143 b A9 3R AT 22 YR 5 56 DA T 346 F 4SS 280 £ A [i] 1) 2 (1]
Rz AR ke . B an, Xt F SWDE ¥4 4 b, 2 #% £
AT 3k VR A I 25 46 /50 TE 55 A4 T I3 1 R iR 4k
Hop il ge e A £ LN 8 ¢+ 2, X T Klarna
T P DU 4 L B TS B H A2, A e i L
Bl p AR B AT B S R )

F 3 s T M fE B R AE 55 PR L T A
Un7F 4518 - WebReader 75 7 28 ¥4 46 19 o 47 &
BIAS 1T B AR A BT AR B M B - X 2 T
1.40%, BT 48 07 1 i A 280k 5 8 I 0T 7z 4k
PERE . 38 I % EeRT DLk B, A 2 O vk Bl A R T )
by B TE MR RE R LA B T X U A AL A
22 W) BB R R I Gk 2 S TR TR BT ) O 2 B
W SRAIZ IR, FER=115 p=0.1 B/ DIREREA
WHEHT . WebReader £ SWDE Hl Klarna 3t £
HPERESRE FH 3 R 1.92%6.2.33% . LA . W
T Klarna R i 9 5OECHE 3E 09 W ulf S 8O 2, 3% —
P Sy . X b TR O R 2Ry K
FreeDOM, SimpDOM 5 3& F i Il %k J7 % DOM-
LM.MarkupLM #1 WIERT 1 % 8, 7] DL & #7E
SWDE $udli 4 P2 T5 & A U0 4, 1 2 38 5 5 S
A RCRAE S B R 4 1 23 S PR R L J5 5 B B0 A 5
XF 1T RO Y AL B B el T R O SRR R L T 4
GERE FE R E Ak B2 n) RS R DL ECAS B A A R
7 Klarna B i B85 9 00, fy 3 R0 00488 i 4 i 5
£ i3 TF Trans-former W7 RBRHE T T 10
R, R A WebReader BESE S T W
H A B A AR SCAS FRAE Jy TS B0 25 BERT
AU S ARIE 7] £ FRAE BE ) LA R AN [R]) 3 SCAR 2 [ 11
Z A, HA5 sURIE 5 RAE R S A T 5795 SO
ORI B HILE B, 1 75 A5 TR T S b 3L T DT 45 A

*3 WR{EE2MBELTE SWDE,Klarna & & M £ 38 & L 968 FF

Bn4E SWDE Klarna 7 i 9 50 5540 4
HBETRY /o - I 3l k=1 k=2 k=3 k=14 k=5 p=0.1  p=0.2 p=0.3 p=0.4 p=0.5
ssmbs] 62.53 64. 50 69. 29 72.70 74. 87 52. 88 56. 63 60. 39 63. 89 65. 33
FreeDOM"?] 82. 32 86. 36 90. 49 91.29 92.56 75.33 78. 26 81.47 85. 50 88.93
SimpDOM™* 83. 06 88. 96 91. 63 92. 84 93.75 77.02 80. 53 84. 88 88. 97 92. 48
DOM-LM[*" 80. 63 85. 77 89. 20 91.57 93.28 79. 84 83.90 88. 66 91.25 94.10
WebFormerl! 81.08 85. 32 90. 37 91. 80 92. 99 79. 30 84.02 88.97 91. 08 93. 77
MarkupL.M™*) 83.22 87.53 90. 28 92. 87 94.03 81.08 86. 88 90. 25 93.01 94. 80
WIERTI 83. 66 87.91 91. 54 93.02 94. 14 80. 23 85. 80 89. 54 92. 77 94.53
WebReader 85.27 89. 88 92.53 94. 50 96. 12 82.97 87.24 91.85 94. 10 95. 44

TE 244 R B &, IR 7 228 3 AR
AR FA B b B R L R B SRR L
TIE 0 BT 5 G A5 B Al O 55 B8 F 5 A0 {6 A B R SC BT
& 07 1 1 a6 B, FRATT A SWDE % 46 78 I
U5/ PR ORRE TS b A7 e i AR . i T R
R R A SCAS A E 1 BR A L R AR [ T o
Jext T HTML SCA #E 47 4k 31, A0 fR B SCAS Y
R Xpath {5 SISO BB — A~ 7 i 4
B35, 5 i i) B Dy 43S SCAS Y A3 A Xpath, {5 0

XN ZS, I g 5 DL #2538 T R F B AL
e .

Prompt: You’re an expert at web data mining
as well as information retrieval, and you dabble in
a wide range of information in any field. Here is all
the text from a web page that I provided to you, a-
long with its corresponding Xpath information:
’xpathl’ Jtextl’, ’xpach’ Jtext2!, e

I would like you to use your understanding of
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web pages and your refactoring skills to extract the
<attribute™ that corresponds to the <vertical >
in this web page. Please note that you can only re-
turn information about one text node with a json
format like " <Tattribute>"." <your answer>",
which is one of the values in the dictionary above,
and be sure not to return too much information.
Hor <<vertical > & 75 JUr & X 1T %) 4350 3% . 451 4n
P4 . <attribute™> KRR #2 BCH #r . 6 10 5 45 1) &4
PRECAN A%, 5250l P IR R S A GPT-4 LA K&

JF U8 A B Llama3-70B-Instruct 5 & 473 B 8
WebReader (k= 3)#17 % [, Ho 7 SWDE 1 4 4
U F1 p BN sk 4 fros , Hogi SRR, B fl 2
ER IR PN =R S I N C R R =)
BT 5 b AR X 3k B A 0 =Y K P AR SO
HC D R R AT 22 0 43 B, & B KO R B Y [nl &2
LA R T SRS TR R, 5
AR S LI, AT UL, B AR RO R A
AR B I A L i ARG T 5T K SR A A
M.

F4 KIEFHBE SWDE HiFE LHFESHMEGE RN

1oAY auto university camera movie job book restaurant nbaplayer S PERE
Llama3-70B 45. 22 42.97 52.03 56. 77 51. 20 38.47 47.29 35. 81 46. 23
GPT-4 42.01 48. 77 55. 64 52. 30 60. 77 37.61 49. 84 34. 87 47.73
WebReader(k=3) 90. 83 93.70 95. 01 95.55 94. 35 89. 37 91.79 89. 65 92.53

5 DataExpo & %t K £ b 3K £ 5 i 45
Rz F

FET BRI B GERUR A SCHR Y U7 s AT D)
A 530 I G ESCHE R AT 3 2 O B R DG 1 B 2 A
it o I8 A5 B A IO AN [+ 9 3 Bk 2 B e 7 oo 8K
it A, SR G — A Rk 2 e A

TE“ BRI B b 2K [ B KBF 223 R 5 H T
BT A SO B B AR BIFR] 1 TE ) b 3R ARk 2 400 J ) 27
AFE2ETCEAE PE SXAH I DataExpo & 4t Chttps://
dataexpo. deeptime. org/), ¥l 6 JB/x T REH EHE
S AL S 32 00 B 22 dE A i) o ERE 1R AR 0L,

& 6

x5 MBAFXBRATHSRBENGEA
o sl i B v &

doi. pangaeade M F R R A A F & PANGAEA
TF OB A7 5% 2 Mendeley Data
TR S BRI s R 171 P

55 [ b T R A5 SR B 24 ST RO A7 i PR
LBk AW 2 A B GBIF
Frontiers i T (4 JF O8O 3L 27 &
] 5% 70 e TRk 2 B0 v o
Figshare JF it BIF 58 5040 76 2

1 S0k I 2 2 T JBCBCHE A4

M ERFL 2 2 2 B R MBS ) P )

data. mendeley. com
data. gov. au

www. sciencebase. gov
www. gbif. org
frontiersin. figshare. com
data. tpdc. ac. cn
figshare. com

geolsoc. figshare. com

carthreforg

A Hh IR} 27 2 R L GBI 1 IR 1 kB 27
E IR N (S E S DS AL N S <L
)RR A T AN M E 2 TR O M B ) b R
il A 18 A2 R g5 [, If i — 20 3 T WebFilter &
LY AR A T R R e R s . R OG B R Geo-
chemistry (i ER{L27) 7 M il . 22 5 J& DataExpo R4t
PRI IR 1] 5 AH O Hh Bk B 2 B s, Hrh R R T —
SERL 2R 6 R LG T — LB B A U A
FEECHE I Bk 2 SCHR G IR (0 8500 2 55 3000 T 1Y) 23 )
WHEBaARE T E . EE EES A EZKERN
Do 3t Bk 48 S & BT 8 $E 7E DataExpo & 48, it

B AT DataExpo £ 46 AL im

HE—2 3% 6 X L T — 2B BROB} 2% 403 1 #A
T S B 1] 7E Google Dataset Search (GDS) 5 A&
SCHEHI Y DataExpo 48 B K &R 45 21, v LAY b &
I DataExpo $ A 7E 1 3K B 27 S50 5l 79 4 2 45 R 0
Z I, A S BR 5 M ER B R R A AE i
A VIR, LAAE R A A 7E GDS | —3h iy
HEN 181 A B A J%2 , 1Mi £ DataExpo |- 0] PLAR & 5]
2,383 MEHE L X 2 i TR R A B EOHE R
ANBEE G i, 5D FRfEAE Schema JF R 91 A GDS
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X6 AEXEIFE Google GDS 5 DataExpo #: & 45 R

HEXTLE

N Google GDS DataExpo

i REREREGE R0 RGO
granite(f£ X &) 181 2,383
zircon (55 £1) 163 3,871
wildfire (B k) 142 502
landslide (3 3% 157 1,391
tsunamiCHET) 132 687
glacial lake (UK )11 129 245
trace fossils(GE il fb A1) 122 1,192

RGub . TN A J7 5 8 G e Ak BILAR B a5 5
BT i e A ]

Bt X 5 HCAY i BR R 2 K . B X b 2 R A
e 28 FATTR A M B AT 5 WebReader £EAR X 1y
S JCHE 10 it g et AR 1 5 X S T sl ) A R 47
EACS AT 1IN [N (T v R i
BB AT I, T bR B AR B 2 4 A i
IR, al ROX G R 4 SRR AT 2 SR Al AR o A (18] 6 —
W) o TR i — 2 3 o i 2 Al AR AS R RO B A
Mo P B A T b 2 Bk o R AT M P AR 3K (BT 6 — 4D
K7 J&rn T — A 146 2 1 T Hdle 45 3R b 5 Dl iR
P BT B X IO O R

IV R ISR E S

6 BESRE

R 5 N T BE AR B 22 Bl A9 P 3
IEHES B RO N A A . A Bl 2 B i AR
PR (ER R 2 5K e BRBIE 5 AH S5 K 30 4K TH i
e 25 K o3 B A R BOCRAR A R AR SO 5 AL
UL 1 S AR TR ) T LI A O R
WsZ 90 5 BUAR J7 1% BT T ™ B0 2 4 WebFil-
ter X EL I 3RO 2 245 B BEAT 20 2% L 0 e A 2
FA OG0 Bh 2 B0t 92 05 F — 2B B3t T ) 0L ) 52
WebReader XJ 0 5T rp i 5 525 B 5 B AT B2 1L, 52
X A 2 U B U 0 AR ORL R PR N R R S
R AT $2 77 1% B AT 1 SR o P RE 2 B L A6 M 0T

S EHHER T AL T GPT — 4 %5 KA 70 48 B o1,
(7] B R T AR A58 R T 1) b 3K A 2 SR A )
DataExpo &%, 1L R & BB H 7 M 2# Bl 5 s, IF
SCHE T REAS R A A A R I 55

T [11) AR, Bl A RO R AR 1938 Je 5 )12 W
Q] ) T A A 6 3 i 450 dul L BE T L PR D B, SE R
XoF P T AT v A8 A ) B A L O i — 2D A R g
HEATAE 55 i HE 5 VR 2 — MER R R Irm . [\
IR oA Ot A 5 58 8 T o) Bk 2 0000 0 RE I 55 2
SBE 2B LG TT R BE 5T, 2 3E R 4 B0 s 10 25 5
FH 3 3h DL R BE 2 AR AT for Science 403 i

o
BB RMAR AR E SR E LT

ALmiE, RHABRARAFAL BERXY L
BEHRAR TR TG H 8, RiELACK
it 4 F H 3K ” (Deep-time Digital Earth, DDE) B Fr
XA FH R ZRIRRZ—,
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Background

The rapid development of artificial intelligence technolo-
gy is bringing transformative impacts to the field of basic sci-
entific research. Scientific data, as a core element of artificial
intelligence, is the cornerstone driving scientific research.
However, currently, open scientific data is scattered across
multiple data repositories on the internet and numerous per-
sonal databases created by individual scientists, forming "da-
ta silos. " The challenge of unified data discovery and man-
agement, along with providing efficient open science data
services, is a crucial issue for advancing the next generation
of scientific data infrastructure.

Due to the complexity of online resources, early efforts
mainly relied on API integrations to aggregate data resources
from a few vertical and specific fields, resulting in integrated
data search platforms such as DataCite, DataONE, and
DataMed. However, many long-tail scientific datasets lack
APIs for direct integration, limiting the scale of scientific da-
tabases. Another representative effort is Google Dataset
Search, which uses Google’s large-scale web data resources
and identifies web pages based on Schema @ type standard
fields written during the development of some web pages,
aggregating dataset pages. However, statistics reveal that

approximately 70% of websites do not provide Schema, and

some studies have shown that 61% of websites containing

Schema. org/Dataset are not data websites, making schema-
based data discovery methods unreliable.

This paper proposes an open scientific data mining and un-
derstanding method for the internet. For the large number of
web resources obtained by search engines, we designed a deep
learning model to automatically select scientific data pages, con-
duct web page understanding to extract standardized, enriched
metadata to characterize scientific data, and support flexible and
diverse search and queries. Using the Earth sciences as an exam-
ple, we applied the proposed method and developed the DataEx-
po system Chttps://dataexpo. deep-time. org/) . which discov-
ered and aggregated over one million Earth science metadata,
covering nearly 30,000 institutions, with data source IPs from o-
ver 120 countries and regions. It supports information extraction
from more than 10 multimodal fields on data web pages and
forms metadata profiles.
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