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The most common mistakes one sees in applications of
statistics are not in the mathematics of means and
deviations — with practice one can master these methods,
and there are sophisticated computer packages to help
out — but in starting with biased data, whose error is
comparable to the confidence intervals in question.

Example 3. What if in our UO height example, two of
the sample taken were members of the basketball team
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The critical values for t-distributions are in Table C.
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The critical values for t-distributions are in Table C. We
can check by comparing with the last row that with a
t-statistic you need to be more deviations away from the
mean to have the same level of confidence as a
z-statistic.
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Example 4. Use t-statistics to estimate population mean
with confidence 95% if we have an SRS of size n = 11
with T = 27 and s = 2.
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Example 6. /f you sample 200 bacterial lifespans and
find an average of 10.41 days and a deviation of 2.1, does
this finding support the hypothesis that these bacterial
lifespans are on average more than 10 days?




