
STA 114: Statistics

Notes 1. Statistical Inference in Real World

Examples

1. Medicine. Immediate care to victims with stab injuries[1].

Description. To study[2] whether early injection of IV fluids could be harmful to pa-
tients with penetrating injuries to the torso, data were collected at Ben Taub General
Hospital in Houston under two treatment settings. In the early resuscitation group,
309 patients were given fluids before they reached the hospital. Another 289 patients
in the delayed resuscitation group did not receive any fluid until they reached the op-
eration theater. The study recorded 193 patients surviving in the early resuscitation
group and 203 patients surviving in the delayed resuscitation group.

NYT Summary.

2. Law. State of New Jersey vs. Pedro Soto et al.

Description. What came to fore in this (now famous) case[3] was the question of racial
profiling in police stops. The Public Defender’s office in Woodbury, New Jersey alleged
that African-American drivers who violated traffic rules were being stopped at a much
higher rate than their white counterparts. This allegation, in turn, questioned the
validity of the evidence acquired by the state police against nineteen African-American
motorists for carrying contraband, who were initially stopped for traffic violation at
the southern end of New Jersey Turnpike. Police records on stops made by the state
troopers on 35 randomly chosen days (in the period April ’88 – May ’91) between exits
1 and 3 on the turnpike, showed a total of 892 stops, of which 127 were blacks, 148
were whites and the race of the remaining 617 were not recorded[4].

Verdict[5]. By New Jersey Superior Court judge, Robert E. Francis:

...unrebutted statistical evidence of disproportionate traffic stops against
African-American motorists established de facto policy of targeting blacks for
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investigation and arrest and thus established selective enforcement violating
the equal protection and due process clauses.

Charges were dismissed against all 19 defendants.

3. Climate Study. More hurricanes now than before.

Description. Whether global warming is resulting in a more volatile climate is hotly
debated. One of the pursued signs is the alleged increase in hurricane activity[6]. One
measure of this activity is the number of hurricanes (these are very well defined, need
to meet several criteria to be called a hurricane, and even more to earn a name) during
the yearly hurricane season. For the Atlantic basin, tropical cyclone (of which hurri-
canes are the most dangerous variety) records date back to mid nineteenth century[7].
The plot below shows the recorded number of tropical cyclones against the year of
occurrence.

Trend in TCs counts

Number of Tropical Cyclones (TCs) per year from 1851 to 2006
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Anne-Sophie Charest Advisors: Jay Kadane and Surya Tokdar Outside collaborators: Mitchell Small and Iris GrossmanAnalysis of Tropical Cyclones Trend in the AtlanticConclusion. The jury is still out on this – and perhaps will remain out for a while.
What makes things complex is that technology for detecting tropical cyclones has
changed drastically over the last 150 years. First it was ship logs, then ships with
radio, then came aircraft reconnaisance and finally satellite imaging. Is the apparent
upward trend in the plot due to real change in climate or simply an artifact of better
detection?
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4. Biotechnology. Classify acute leukemia based on gene expression level.

Description. Acute leukemia is classified into two categories[8], those arising from
lymphoid precursors (acute lymphoblastic leukemia or ALL) and those arising from
myeloid precursor (acute myeloid leukemia or AML). Although this categorization is
well established, no satisfactory single test existed for labeling a test tumor into one
of these two classes. An accurate labeling usually required a long series of highly
specialized laboratory tests performed by trained hematopathologist. Around mid
and late 1990s, the advent of the DNA microarray technology[9] changed the face of
biological research, enabling one to measure simultaneously the expression levels of
thousands of genes. Expression levels are reflection of genes’ activeness in producing
m-RNA’s which in turn produce proteins – the essential molecular vehicles of a body’s
functioning. The plot below shows a randomly chosen set of 100 genes from a total
set of 3051 genes whose expression levels were measured for 27 ALL patients and 11
AML patients. Each dot represents a patient (along the row) and a gene (along the
columns) with a red/green color code indicating how well expressed that gene was for
that patient.
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Results. A classifier based on 50 genes labelled the acute leukemia type of 34 patients
from an independent sample with 100% accuracy.
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