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Natalia sold clips to 48 of
her friends in April, and
then she sold half as many
clips in May. How many
clips did Natalia sell alto-
gether in April and May?

Nataliz sold _ 482 =
<248H =045 24 Clips in

May. Natalia sold 48+24

= <<484+24=72>>72
clips altogether in April

and May. #### 72
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