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A Lie Can Circle the Earth While Truth Is Still Putting On Its Shoes

Kremlin runs disinformation campaign to undermine Zelensky, documents show

- Washington Post, February 16, 2024

By early March, dozens of hired trolls were pumping out more than 1,300 texts and 37,000 comments on
Ukrainian social media each week ... Records show that employees at troll farms earned 60,000 rubles a
month, or $660, for writing 100 comments a day. ... Russians were willing to pay up to $39,000 for the
planting of pro-Russian commentary in major media outlets in the West.

Scientists Explain Why ‘Doing Your Own Research’ Leads to Believing Conspiracies

- VICE.com, December 21, 2023

People who had been nudged to look for more information online were 19 percent more likely to rate a
false or misleading article as fact, compared to those who weren’t encouraged ... Partly, this was because
of what are called data voids ... “[T]he internet is full of junk theory. There may be false information out
there but not the corresponding true information to correct it.”

\ " It’s Not Misinformation. It’s Amplified Propaganda.

s - The Atlantic, January 16, 2023
wnecoe @l from being merely a target, the public has become an active participant in creating and selectively

L
!

“ amplifying narratives that shape realities ... A giant web of interconnected users, each with an agenda,
- shouting at one another to pay attention. It’s not disinformation. Our politics is awash in ampliganda, the
propaganda of the modern age.



https://www.washingtonpost.com/world/2024/02/16/russian-disinformation-zelensky-zaluzhny/
https://www.vice.com/en/article/v7bjpm/scientists-explain-why-doing-your-own-research-leads-to-buying-conspiracies
https://www.theatlantic.com/ideas/archive/2021/10/disinformation-propaganda-amplification-ampliganda/620334/

Property Graphs: Not About Data /tself, But How They’re Connected

And then, someone
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Business Case: New Product Launch Announcements

B Automotive manufacturers have decided to release new EV models

Positive support from key influencers will be
key to public acceptance because they’ll
highlight most compelling new features, thus
differentiating them from competing models

It’s imperative to promote releases via social
media and measure messaging’s effectiveness
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A Social Media Network: Nodes and Edges

CREATE TABLE IF NOT EXISTS entities (

e id NUMBER (09) NOT NULL These two tables construct the nodes
,e_gender CHAR(01) NOT NULL of a simple social media network ...
,€_name VARCHAR?2 (40) NOT NULL
,e_country CHAR(03) NOT NULL
,e_tz CHAR (06) NOT NULL
,e_handle CHAR (40) NOT NULL
,e_comment VARCHAR?2 (512));

CREATE TABLE IF NOT EXISTS messaging (
msg_id NUMBER (13) GENERATED ALWAYS
AS IDENTITY
(START WITH 1001)

,msg_dtm DATE NOT NULL
,msg_polarity NUMBER (S8, 5) DEFAULT O
,msg_subjectivity NUMBER(S8,5) DEFAULT O

,msg_text VARCHAR2 (4000) NOT NULL);




A Social Media Network: Nodes and Edges

CREATE TABLE IF NOT EXISTS entities (

e id NUMBER (09) NOT NULL These two tables construct the nodes
 e_gender CHAR(01) NOT NULL of a simple social media network ...
,e_name VARCHAR?2 CANN NINT NI |
e | 03) CREATE TABLE IF NOT EXISTS relationships (

e .. while these two r_src NUMBER (09) NOT NULL
e tables function as the , r_tgt NUMBER (09) NOT NULL
B  cdgesiconnecting , r_type CHAR(20) NOT NULL
nodes within that , r_comment VARCHAR2 (512));
social media network ,
CREATE XKISTS —~~~--~"~-= 7~

CREATE TABLE IF NOT EXISTS interactions (

smi_id NUMBER(13) GENERATED ALWAYS
AS IDENTITY
(START WITH 1001)

msg_id

,msg_text VARC

,msg_dtm DATE i e_did NUMBER (09) NOT NULL
,msg_polarity NUMB ’Sm1—i—1 CHAR(12) NOT NULL
,msg_subjectivity NUMB , SM1_LYpe

,Ssmi_msg_1id NUMBER (13) NOT NULL) ;




Demonstration: Exploring a Social Media Network



Creating an OPG Property Graph

CREATE OR REPLACE PROPERTY GRAPH smi_network This describes
VERTEX TABLES (

entities AS MESSENGERS

KEY ( e_id )

PROPERTIES ( e_id, e_gender, e_name, e_country, e_tz, e_handle )
,messaging AS MESSAGES

KEY ( msg_id )

PROPERTIES ( msg_id, msg_dtm, msg_polarity, msg_subjectivity, msg_text )

the vertices (aka
nodes) and their

particular
attributes ...

)
EDGE TABLES ( . . _
relationships AS CONNECTIONS ... While this describes
SOURCE KEY ( r_src ) REFERENCES messengers( e_id ) the edges that

DESTINATION KEY ( r_tgt ) REFERENCES messengers( e_id ) connect the nodes
PROPERTIES ( r_src, r_tgt, r_type)

i . and some of their
,interactions AS INTERACTIONS . pertinent attributes
SOURCE KEY ( smi_e_id ) REFERENCES messengers( e_id )

DESTINATION KEY ( smi_msg_id ) REFERENCES messages( msg_id )
PROPERTIES ( smi_id, smi_e_id, smi_msg_id, smi_type )

);




Viewing OPG Attributes

SELECT * FROM user_pg_elements; {} GRAPH_NAME | ELEMENT_NaME { ELEMENT_KIND | { OBJECT_OWNER || OBJECT_NAME
SMI_NETWORK MESSENGERS VERTEX HOL23C ENTITIES

SELECT * FROM user_pg_edge_relationships; SMI_NETWORK MESSAGES VERTEX HOL23C MESSAGING
_ SMI_NETWORK CONNECTIONS EDGE HOL23C RELATIONSHIPS
SELECT * FROM user_pg_label_properties; SMI_NETWORK INTERACTIONS EDGE INTERACTIONS

i GRAPH_NAME |:} EDGE_TAB_NAME { VERTEX_TAB_NAME |::; EDGE_END |‘} EDGE_COL_NAME ]ﬁ} VERTEX_COL_NAME

SMI_NETWORK INTERACTIONS MESSENGERS SOURCE sMI_E_ID E_ID
SMI_NETWORK CONNECTIONS MESSENGERS SOURCE R_SRC E ID
SMI_NETWORK CONNECTIONS MESSENGERS DESTINATION R_TGT E_ID
SMI_NETWORK INTERACTIONS MESSAGES DESTINATION SMI_MSG_ID MSG ID

i GRAPH_NAME {¢ LABEL_NAME {: PROPERTY_NAME  |{: DATA_TYPE |} DATA_LENGTH |{} DATA_PRECISION {; DATA_SCALE |{; DATA_CHAR_LENGTH
SMI_NETWORK MESSENGERS E _ID NUMBER 22 9 0 0
SMI_ NETWORK MESSENGERS E_GEMDER CHAR 1 (rnull) (rull) 1
SMI_NETWORK MESSENGERS E_NAME VARCHARZ 40 (null) (null) 40
SMI_ NETWORK MESSENGERS E_COUNTRY CHAR 3 (null) (rulLl) 3
SMI_NETWORK MESSENGERS E TZ CHAR 6 {null) (null) 6
SMI_ NETWORK MESSENGERS E HANMDLE VARCHARZ 40 (null) (rulLl) 40
SMI_MNETWORK MESSAGES MSG_ID NUMBER 22 13 0 0
SMI_NETWORK MESSAGES MSG_DTM DATE 7 (null) (null) 0
SMI_NETWORK MESSAGES MSG_POLARITY NUMBER 22 B S (0]
SMI_NETWORK MESSAGES MSG_SUBJECTIVITY NUMBER 22 8 = 0
SMI NETWORK MESSAGES MSG TEXT VARCHARZ (null) (null) 4000




Sifting Chaff from Grain: MATCH Clause Syntax (1)

_Pattern | Describes | __Bxample __|______Meaning___

Nodes (aka
() vertices) (n1) Node labelled n1
[] Edges [e] Edge labelled e
.. (n1) - [e] -> (n2) Node nl connected by edge e to
[1-> 2CELIEIE node n2 in the direction of n2
. Node nl connected by edge e to
<l eEEIEElienn |- ([t @)=(m2 node n2 in the direction of nl
- Omni-directional (n1) - [e] - (n2) Node nl connected by edge e to

node n2 in either direction




OPGs, GRAPH_TABLE, and MATCH

SELECT *
FROM GRAPH_TABLE(
smi_network

MATCH (ml1) - [p IS CONNECTIONS] -> (m2)

COLUMNS (

p.r_src AS source
, ml.e_handle AS src_handle
, ml.e_country AS src_from
, ml.e_tz AS src_tz
, P.r_tgt AS target
, m2.e_handle AS dst_handle
, m2.e_country AS dst_from
, m2.e_tz AS dst_tz

The new operator lets
me look for relationships within an OPG

This MATCH statement tells OPG to connect
( ) to their (

Attributes of each as well as their
connecting are to

them from each other



OPGs, GRAPH_TABLE, and MATCH

SELECT *

FROM GI}APH_TABLE( The new operator lets
smi_network me look for relationships within an OPG
MATCH (ml1) - [p IS CONNECTIONS] -> (m2)

COL{} SOURCE { SRC_HANDLE |{ SRC_FROM |{} SRC_TZ |{} TARGET |{} DST_HANDLE '{} DST_FROM {} DST_T2
P 1001 EatTheRichl4 RUS UTC+3 1002 ProudSCBoy ROM UTC+2
, m 1002 ProudSCBoy ROM UTC+2 1003 TSLAHater2l RUS UTC+3
, m 1003 TsLAHater2l RUS UTC+3 1004 BiteMeElonlz2 BOL UTC-5
,m 1004 BiteMeELonl2 BOL UTC-5 1001 EatTheRichl4 RUS UTC+3
, P 2001 AntiVaxx4z2 DRK UTC+11 2002 LogBurnerlB CHI UTC+9
. m 2002 LogBurnerls CHI UTC+S 2003 SorryHenryFord29 CHI UTC+8
. m 2003 SorryHenryFord29 CHI UTC+8 2004 2A3Percent PER UTC-6

,om 2004 2A3Percent PER UTC-6 2001 AntiVaxx4d2 DREK UTC+11

): 101 2bhntn GBR UTC+D 2FordMediamMgr LUSA UTC-4
102 akko LISA UTC-5 149 getreadytopaymore IFE UTC+0
102 akko USA UTC-5 155 hotdogwater LUSA UTC-4
102 akko LISA utc-5 157 jack_horner USA UTC-7
102 akko LISA UTC-5 226 texanbychoice2015 GER UTC+0
103 alberightbackos80o USA uUTC-3 133 cpt-will LSA UTC-7
103 alberightback080 USA UTC-3 192 OrangeRadio LUSA UTC-6
104 America#l USA UTC-5 233 triviums25 USA UTC-7
105 another_nc_guy156 USA UTC-7 205 rdsouza LISA UTC-7

106 AodhOrdnigh IRE UTC+O 135DamnItJdimImJustACountryDoctor! LUSA UTC-4




Traversing Network “Hops”: MATCH Clause Syntax (2)

_Pattern | Describes | ____Example | Meaning ___

Directional with Node nl connected by edge e

(n1) - [e] ->* (n2) to node n2 in n2’s direction
-[...]->* Zero or more . :
Hoje with any number of hops in
between

Node nl connected by edge e

irectional with ' irecti
Directional wit to node n2 in n2’s direction

-l...]->+ ne or more nl)-[e] ->+(n2 . :
[-] one o (n1)-[e] (n2) with one or more hops in
hops
between
: : : Node nl connected by edge e
Directional with . , .y g
-[...]->{n- to node n2 in n2’s direction
exactly ntom (nl) - [e] -> {2-4} (n2) )
m} hops with exactly two to four hops

in between




Who Are the Most Interactive Members?

SELECT src_id, src_handle, COUNT(1l) AS multihop_chains
FROM GRAPH_TABLE(

smi_network _____
MATCH (m1 IS MESSENGERS)-[p IS CONNECTIONS]-3{1,3}(m2 IS MESSENGERS)
COLUMNS ( "4

ml.e_id AS src_id, ml.e_handle AS src_hand

,m2.e_1d AS tgt_id, m2.e_handle AS tgt_hang
This MATCH clause filters the

)
GROUP BY s rc_1_ d, Src_hand'l € ... in this case, between one (1) graph for any social me(.j|a
ORDER BY multihop_chains DESC and three (3) hops member who has communicated

FETCH FIRST 15 ROWS ONLY; to any other social media

member through multiple hops ...




Who Are the Most Interactive Members?

SELECT src_id, src_handle, COUNT(1l) AS multihop_chains
FROM GRAPH_TABLE(
smi_network

P—

MATCH (ml IS MESSENGERS)-[pP IS Gsac inl: sre HANDLE T MULTIHOP CHAINS
COLUMNS ( 175mcriderim 139
ml.e_id AS src_id, ml.e_handl 241 virtuafighter =
,m2.e_1d AS tgt_id, m2.e_handl 246wng239 60

) 175 mnmoon 55 SRS

133 cpt-will 52 Hel
182msattleross a¥d icated
148 gagaga 50 BEIE
231 tjmaxx548 48
121 caspiansails 44

GROUP BY src_id, src_handle
ORDER BY multihop_chains DESC
FETCH FIRST 15 ROWS ONLY;

These are the members who’ve

2l8smarterthandems L

been most active in the social 202 purplereignsls aa
media network whose activities 199 Platas7 Ad
have reached beyond one to 153 HighDensityEVParkingSafe 44
three other members 135DamnItJimImJustACountryDoctor! 44
2949whitey 42




Finding Potential Trolls

SELECT
followers.src_id, followers.src_handle

, followed.followed_by, followers.following The results returned here ...
FROM

(SELECT src_id, src_handle, COUNT(src_id) AS following
FROM GRAPH_TABLE(

smi_network

MATCH (ml_IS MESSENGERS) - IS CONNECTIONS]->(m2 IS MESSENGERS) __combine the

COLUMNS (m}.e_1d AS src_id, ml.e_handle as src_handle) Tmaulie o e e
) GROUP BY src_id, src_handle ) followers

, (SELECT tgt_id, COUNT(tgt_id) AS followed_by being followed
FROM GRAPH_TABLE( by multiple other
smi_network

MATCH (ml_IS MESSENGERS) - IS CONNECTIONS]->(m2 IS MESSENGERS)
COLUMNS |(m2.e_id AS tgt_id)

) GROUP BY tgt_id) followed

members ...

: _ ... with those
WHERE followers.src_id = followed.tgt_id members who
AND followed_by >= 5 follow hardl

AND following <= 5 offow nardly
ORDER BY followed_by DESC; anyone else

=




Finding Potential Trolls

SELECT
followers.src_id, followers.src_handle

, followed.followed_by, followers.following The results returned here ...
FROM

(SELECT src_id, src_handle, COUNT(src_id) AS following
FROM GRAPH_TABLE(
smi_network

MATCH (ml IS MESSENGERS)-[p I NNEC:: sRC_ID | { SREC_HANDLE |=3 FOLLOWED_BY |{} FOLLOWING
COLUMNS |(ml.e_id AS src_id, ml.e_hanc 1 TeslaMediaMgr 18

- U 1

GROUP BY src_id, src_handle fol lowers
: (SéLECT tgt_id, COUNT(tgt_id) AS)foHowed_b) 2001 Ant1Vaxx42 11 1
FROM GRAPH_TABLE( 2002 LogBurnerl8 10 1
smi_network 2004 ZA3Percent 10 1
MATCH (ml IS MESSENGERS)- IS CONNEC 2003 SorryHenryFord29 10 1
COLUMNS (mz.g_id AS tgt_id) 2 FordMediaMgr 10 1
GROUP BY tgt_1 d) followed _ 196 pat 11602 5 -
While some of these members are 1001 EatTheRichl4 7 1
known, others are 1002 ProudSCBoy S 1
several members ... but are 1004 BiteMeELonl? 6 1
1003 TSLAHater2l = 1
148 gagaqga 5 4




Demonstration: Visualizing Key Influencers



Populating a GVT Region: Option 1

APE ldentification

Te A Title Messaging

B

D@ Page 200: 5¢

Type Graph Visualization [Pr Region

Source

Location Local Database

| ... choosing the J
| Type Property Graph Graph Name, puilildl 2 You can build a GVT
Graph Owner Parsing Schema columns, and even region by supplying
Graph Name SMI_NETWORK selection criteria ... -|:+.1 | key information ...

=

Match Clause raph Uwner Parsing Schema

iml IS MESSENGERS)-[ p IS5 INTERACTIONST->(m Graph Name SMI_NETWORK
5 MESSAGES )

IS MESSAGES) Match Clause

(m1 IS5 MESSENGERS)-[p IS INTERACTIONS]->(m
IS MESSAGES)

Columns Clause A

ml.e_handle, p.smi_type, to_char(p.smi_e_id) SR

AS source, TO_CHAR{m2.msg_dtm, " YYYY-MM-DD nl.e "a'w;eb pl-“-:wi 2ae to 3'1ﬂl'\ilal-[‘-:;‘i1 3)
. ooy _ ’ 5 rce, TO_CHAR(mZ.msg_dtm, ' YYYY-MM-
HH24:MI:55") AS sent_on, T ‘ .
TO_CHAR({m2.msg_polarity) AS polarity, : TO_CHAR(n2

p.smi_type AS msg_type p.smi_type

Where Clause
Where Clause Pre p.smi_type

p.smi_type = "Post




Populating a GVT Region: Option 1

APE ldentification

TP A Tite Messaging

B ¥ Type Graph Visualization (Pr

D.Pagezao.-s(
Pra-Renderi Source
LOmponent
Location Local Database .
. Messaging
Type Property Graph ’ L L ization (Py :
Graph Name, jumns
Graph Owner Parsing Schema : rolumns
Graph Name SMI_NETWORE . 53]3””9]'] criteria

- |
HAMGE CREATE ‘ * E HANDLE
Match Clause # araph Uwner Parsing Schema
¥

(ml IS UESSENGERS}'[P 15 INTEQAETIDNSJ_ -"'|: m2 Graph Name SMI_NETWORK il SM'_TYpE

IS MESSAGES) Match Clause

SENT_ON

(m1 IS MESSENGERS)-[p IS INTERACTIOI
IS MESSAGES)

Columns Clause k] 111 POLARITY

ml.e_handle, p.smi_type, to_char({p.smi_e_id)

AS source, TO_CHAR(m2.msg_dtm, ' YYYY-MM-DD P (.. 1l MSG_TYPE
HH24:MI:S55") AS sent_on, =

TO_CHAR(m2 .msg_polarity) AS polarity, ity) AS polarity,

p.smi_type AS msg_type -

Where Clause

p.smi_type = "Post'




Populating a GVT Region: Option 2

Application 301 ' Page Designer

D@ Page 200: Social Network

f
Identification

" e o T . — For finer control,
(= ros S Graph Visualzaion (1 | you can issue a SQL
e statement that
. S e o describes the
B Restionshios c e er . Tipe QL Query specific nodes and
e edges you want to

<> Social Media Messaging - MEX i S .
display
MATCH (ml IS MESSEWGERS)-[p IS
. CONNECTIONS]->{m2 IS MESSENGERS)
% Messaging 4> Soclal Media Messaging COLUMNS (

€% Social Media Relationships

EDIT CHAMGE

T
L= Page Items to

. Submit
lterns Buttons

Optimizer Hint




Populating a GVT Region: Option 2

Code Editor - SQL Query

1 I}‘ Application 301 ' Page Designer

o £ (V)

N’

(®) Save and Run Pa
D. Page 200: Social Network
FNC SMI SQLGRAPH JSON(

[ retationships . ‘SELECT v1, e, v2
Breadcrumb Bar i o vees | [ won FROM GRAPH TABLE(
(= RS e sml network
e : MATCH (ml IS MESSENGERS)-[p IS INTERACTIONS]->(m2 IS MESSAGES)
&/* Social Media Relationships B ‘ COLUMNS
Sub Regions R p.smi1 € 1d AS source
[ Relationships DELETE  CHANGE p.smi msg 1d AS target
ml.e handle AS SentBy
TO CHAR(m2.msg dtm, ' "YYYY-MM-DD HH24:MI:SS'') AS SentAsOft
m2.msg polarity AS Polarity
custom function 1] , p.smi type AS MsqType
, SUBSTR(m2.msg text, 1, 40) '...'" AS MsgAbrvText
,vertex id(ml) AS vl
1! ,edge 1d(p) as e
vertex (node) ‘ ,vertex id(m2) as v2)

) )
and edge result column DUAL ;

Pre-Rendering
Components

Cancel oK




Probing Social Media Networks Graphically (1)

= OPG @v K

Show All  Social Media Relationships ~ Social Media Messaging

The GVT plug-in makes it
extremely simple to
visualize which members
in our social media
network are at the center
of networking activity ...

HCForce  Ff Radial = Name = Handle

... as well as n

members who

aren’t

Travis Robbins

SenderHandls
reSeis 6 O\ O LW | .
Seetie vebsdT |

, L e i & O € Gy

detail about members

»




Probing Social Media Networks Graphically (2)

= OPG The plug-in can be

customized with dynamic
Show All  Social Media Relationships  Social Media Messaging actions to switch node and

edge attributes ...

?ﬁ Force 2::@ Radial

Name ‘ = Handle

b




Probing Social Media Networks Graphically (2)

= OPG

OPG

. ) ) ) Show All  Social Media Relationships  Social Media Messz
Show All Social Media Relationships  Social Media Mess

... or switch network
| il Rt display formats from

?ﬂ Force }ﬁ Radial

Name ‘ = Handle

the default (FORCE) to
= | another format




Probing Social Media Networks Graphically (3)

= OPG

Show All  Social Media Relationships  Soclal Media Messaging

... and easily
interrogate the actual s
message being sent
with one mouse click

o
© 0 o 0.20%900,0° 00090 _  °0 )
0% e 0o ©
0% 0 ° % 209°0% %0000'% ©0 ® o °
® e%0,0_0 ®ga® °
0000000 oo 0 L
o 9,9, ,0000 o“.o.o.o°::.:o‘...‘..‘. ®0 o
CYWY LIS =] o ) (2]
e ) L
® o ’.". Again, GVT makes it simple to
©,0 N : :
0" 090 go04 visualize which members in our
¢ ©_0g0 ) )
o © .0. ..0' social media network are
'. e ® _o sending many messages ...
o .% .%00¢
© o0 0,
® o
e




OPG vs PGX: Advantages and Drawbacks

___ Adwamtage | PGX__|_OPG__

Access to visualization via GraphWiz plug-ins and tools YES YES
Easily accessible via SQL clients (e.g. SQL Developer) YES YES
Easily accessible via APEX NO YES
Tuned to handle high transaction volumes in real time NO YES
Direct access to PGX analytic functions* YES NO
Direct access to PGX ML models* YES NO

*There are additional limitations for PGQL queries when accessing SQL property graphs!

=



https://docs.oracle.com/en/database/oracle/property-graph/23.4/spgdg/supported-pgql-features-and-limitations-sql-property-graphs.html

Plans for Future Experimentation

Build more complex OPG queries to solve
even more complex business problems

Top 12 Vertices Based on PageRank

Apply PGQL via Graph Studio to OPGs

PGX Analytic Functions: Results

. Apply PGX analytic and ML functions to
OPG graphs in (nearly) real time




Useful References

Property Graph Developer’s Guide
https://docs.oracle.com/en//database/oracle/property-graph/23.3/spgdg/index.htm

Using the APEX Graph Visualization Plug-In

https://docs.oracle.com/en//database/oracle/property-graph/23.3/spgdg/visualizing-sqgl-graph-queries-using-apex-graph-visualization-plug.html

Oracle Graph JavaScript APl Reference for Property Graph Visualization
https://docs.oracle.com/en/database/oracle/property-graph/23.4/pgjsd/index.html

APEX and Property Graphs in Oracle Database 23c (video)
https://www.youtube.com/watch?v=DODoJI3sR14



https://docs.oracle.com/en/database/oracle/property-graph/23.3/spgdg/index.htm
https://docs.oracle.com/en/database/oracle/property-graph/23.3/spgdg/visualizing-sql-graph-queries-using-apex-graph-visualization-plug.html
https://docs.oracle.com/en/database/oracle/property-graph/23.4/pgjsd/index.html
https://www.youtube.com/watch?v=DODoJI3sR14

Valuable In-Depth Training and Techniques

Oracle Graph Learning Path
https://blogs.oracle.com/database/post/oracle-graph-learning-path

Powering Network Topology Planning and Administration with Oracle Graph

https://blogs.oracle.com/database/post/powering-network-topology-planning-and-administration-with-oracle-graph

Oracle Graph on Medium
https://medium.com/tag/oracle-graph



https://blogs.oracle.com/database/post/oracle-graph-learning-path
https://blogs.oracle.com/database/post/powering-network-topology-planning-and-administration-with-oracle-graph
https://medium.com/tag/oracle-graph

Additional Data Sources and Use Cases

Welcome to Our New ‘Bespoke’ Realities:
https://www.nytimes.com/2023/11/30/opinion/political-reality-algorithms.html

Fame for sale: Efficient detection of fake Twitter followers
https://www.sciencedirect.com/science/article/abs/pii/S0167923615001803

Social Media Sentiment Analysis
https://towardsdatascience.com/sentiment-analysis-74624b075842

Detecting Fake Users on Social Media with a Graph Database
https://journals.uvic.ca/index.php/arbutus/article/view/20027

Tesla sweeps the 2023 Cars.com American-Made Index
https://www.foxnews.com/auto/tesla-sweeps-2023-cars-com-american-made-index

=



https://www.nytimes.com/2023/11/30/opinion/political-reality-algorithms.html
https://www.sciencedirect.com/science/article/abs/pii/S0167923615001803
https://towardsdatascience.com/sentiment-analysis-74624b075842
https://journals.uvic.ca/index.php/arbutus/article/view/20027
https://www.foxnews.com/auto/tesla-sweeps-2023-cars-com-american-made-index
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