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: J2 > . »  Explicit article reference: Summarize the article “Defining Decay Down’ by “David

1 EntiGraph 25 3% _E 4% % Synthetic Plotz” g Decay y
; - > > = The article “Defining Decay Down” by David Plotz discusses the evolution of den-
COHUHU@d Pfﬁﬂ'amlﬂg Z Ja 3%(4 'ﬂ] }Eﬁ ;} H tistry in America. It highlights how dentists have adapted to changing times by shift-

ing their focus from essential dental work to elective cosmetic procedures. [...]
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. J2 > ’ »  Explicit article reference: Summarize the article “Defining Decay Down” by “David

e EntiGraph 2 3% £ #% 7. Synthetic Plotz”. g Decay y
- - = > = The article “Defining Decay Down” by David Plotz discusses the evolution of den-
COHHHU€d Pfﬁtfalﬂlﬂg Z Ja g:k 'ﬂ] }% ;}El tistry in America. It highlights how dentists have adapted to changing times by shift-

ing their focus from essential dental work to elective cosmetic procedures. |...]

AL 2 T | - X
/<<‘\ EE( E‘;ﬁ, (IHS[I'U.CUOH fOHOWlﬂg > ﬂi%}% » Implicit article reference: How has the practice of dentistry in the United States
changed?

£ L 2 3+ 9:;,] .
71:\4/ Li 7/}%] 7]:79'\- 4 The dentistry practice in the United States has undergone significant changes over the
years. Here are some of the key changes:
1. Increased focus on cosmetic dentistry: In recent years, [...]
N ) ) 2. Improved dental technology: Advances in dental technology [...]
, < » + . - ;E- . . . .
O 7}:% ?;IF-_J EJ‘ )% /{ ?ﬁi h‘?] 7Ti /‘Qj; é‘i: i ? 3. Increased emphasis on preventive care: Dentists have become more focused [...]

4. Increased competition: The dental industry has become more competitive, |...]

O E!P /@5\ ;}i% TI\— ig] ‘:]:7 /‘yﬂ; 715— ;}ZBE élj i/«%—& f](] 7h:‘ 5. Improved patient experience: [...]
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>»  Explicit article reference: Summarize the article “Defining Decay Down” by “David

Plotz™.

The article “Defining Decay Down” by David Plotz discusses the evolution of den-
tistry in America. It highlights how dentists have adapted to changing times by shift-
ing their focus from essential dental work to elective cosmetic procedures. |...]

Implicit article reference: How has the practice of dentistry in the United States
changed?

The dentistry practice in the United States has undergone significant changes over the
years. Here are some of the key changes:

1. Increased focus on cosmetic dentistry: In recent years, |...]

2. Improved dental technology: Advances in dental technology [...]

3. Increased emphasis on preventive care: Dentists have become more focused |...]

4. Increased competition: The dental industry has become more competitive, |...]

5. Improved patient experience: |...]

Cross article instruction: Compare David Plotz’s commentary style between how he
analyzed American dentistry and how he discussed the movie Fight Club?

David Plotz’s commentary style is analytical and critical in both his analysis of Amer-
ican dentistry and his discussion of the movie Fight Club. In both cases, he uses a
sharp, incisive tone to critique the subject matter, highlighting the absurdity and ex-
cesses of American dentistry and the nihilistic philosophy of Fight Club. However,
there are some differences in his approach. [...]
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EntiGraph Instruct with short prompt: Cosmic Yo-Yo is a science fiction story by Ross
Rocklynne about Bob Parker and Queazy, two interplanetary haulers who are hired to deliver
an asteroid to Earth for a wealthy client’s backyard wedding. However, they face competition
from their rivals, the Saylor brothers, who also want to deliver the asteroid. The story follows
their race to deliver the asteroid before the deadline, using a yo-yo-like device to maneuver
the asteroid and outsmart their rivals. The story 1s filled with action, adventure, and a touch
of romance.

Raw Instruct with short prompt: Cosmic Yo-Yo by Rocklynne, Ross is a science fiction
novel that follows the story of a young woman named Susan who discovers a mysterious
device that can transport her through time and space. She uses the device to travel to different
planets and meet different alien species, but soon realizes that her actions have consequences
and she must find a way to return home. The novel explores themes of identity, responsibility,
and the consequences of our actions.

Rephrase Instruct with short prompt: Cosmic Yo-Yo is a science fiction novel written by
Ross Rocklynne in 1954. The story follows the adventures of a group of astronauts who are
sent on a mission to explore a new planet. However, they soon discover that the planet is not
as hospitable as they thought and must fight for their survival against the hostile environment
and the indigenous creatures. The novel explores themes of exploration, survival, and the
unknown.
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