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HARD

EXTRA

Prediction

SELECT
AVG(LifeExpectancy)
FROM country WHERE

Continent = 'Africa’
AND Region = 'Central’

SELECT
COUNT(DISTINCT
continent) FROM
countrylanguage
WHERE language =
'Chinese’

SELECT p.birth_date

FROM poker_player p

ORDER BY p.earnings
ASC LIMIT 1

SELECT state FROM
VOTES GROUP BY
state ORDER BY
COUNT(*) DESC
LIMIT 1

Gold

SELECT
avg(LifeExpectancy)
FROM country
WHERE Region =
"Central Africa"

SELECT
COUNT( DISTINCT
Continent) FROM
country AS T1 JOIN
countrylanguage AS
T2 ON T1.Code =
T2.CountryCode
WHERE T2.Language
= "Chinese"

SELECT
T1.Birth_Date FROM
people AS T1 JOIN
poker_player AS T2
ON T1.People_ID =
T2.People_ID ORDER
BY T2.Earnings ASC
LIMIT 1

SELECT
T1l.area_code FROM
area_code_state AS
T1 JOIN votes AS T2

ON Tl.state =
T2.state GROUP BY
Tl.area_code ORDER

BY count(*) DESC
LIMIT 1
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