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Abstract

The project that I am working on is about low birth weight infants
according to several factors that may lead to it. Such factors include
but are not limited to age, weight in pounds at the last menstrual
period, race, and number of office visits during womans first trimester.
I am studying the patterns and output data of the regression. There
are a total of 189 women, 59 of which had low birth weight infants, and
the remaining 130 had normal birth weight babies. Also, I am trying
to incorporate this with the diabetes data. I am studying Pearsons R
and Deviance Residuals of this model.

1 Introduction

Suppose you walk into your doctor’s office and your doctor takes your
weight, height, blood pressure, etc., and he wants to predict whether you
will develop Coronary heart disease, he can apply your medical data to a
computer and predict your probability of getting this disease. Logistic re-
gression measures the relationship between a dependent variable, i.e., sick,
not sick, and a continuous explanatory variable i.e., blood pressure, weight,
age, etc., by converting the dependent variable to probabilities.

2 Logistic Regression

Logistic regression is a measure of the relationship between a categorical
dependent variable and a continuous variable (sometimes several) by trans-
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forming the dependent variable into probabilities.

P = 1
1+ea+bx

where P is the probability of a 1, a and b are the parameters of the model.
If we take the probability P and divide it by 1 − P then we get the odds,

odds= P
1−P

.

If we then take the log of the odds, we then obtain

log(odds)=ln P
1−P

which is the logit(P ). But it is easier to look at probabilities rather than
odds, so we convert to probabilities which is

P = 1
1+e−a+bx

The figure below shows a graph of the best fit line R2 = 0.997 Any R2 value
close to 1 has a very good fitting line Y-axis is the number of people with
Diabetes (in the millions)

X-axis is in years from 1995 to 2010.

Figure 1: Linear Regression of Diabetes from 1995 to 2010

A linear regression helps provide a prediction of the future outcome, and
may also be used to obtain information from the past. This would be great if
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we could use this to predict the outcome of an individual who might develop
diabetes in the long run. However, since logistic regression is nonlinear and is
based on a binary outcome and that the predictor variables may be discrete
with multiple variables or continuous makes it more difficult to use. Linear
regression cannot help to predict for individuals in the case with diabetes
since the prediction relies on more than one explanatory variable.

We would like to apply logistic regression on the data for diabetes in
America as they could with the example in Figure 2 where a doctor could
predict coronary heart disease by age. A doctor could tell you if you were
at risk for diabetes just by weight or just by blood pressure or maybe even
both. Which parameters do we use? Weight? BMI? Inactivity? Location?
There are many more factors that need to be looked at. However, since
after 3 parameters are used we can no longer visualize what is going on,
i.e. plots/graphs. We then have to rely on on other statistical techniques.
Such a technique includes Pearson’s R. It is discussed below. Figure 3 below
shows the outbreak of diabetes of 2009. We would like to predict the out-
come of these events by individual people instead of by county as this graph
represents.

Figure 2: Coronary Heart Disease
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Figure 3: Nationwide Diabetes Problem as of 2009

3 Pearson’s R

Suppose we want to know what the logistic regression looks like for an ex-
pecting mother with a given weight, in pounds, during menstruation, and
from that predict if she will give birth to a low weight infant. The logistic
regression graph is shown below.

Figure 4: Logistic Regression of patients weight (x-axis) vs probability of
birthing a low weight infant (y-axis)
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Suppose now an expecting mother walks into her doctors office for her
regular check-up during her first trimester. The doctor will routinely doc-
ument her weight. Let’s say her weight is 128 lbs. The doctor can now
determine, by probability, the odds of her baby being born with a low birth
weight. If she weighs 128 lbs., then the odds would be roughly 30.97%. But
a patients weight may not be a considerable predictor variable for predicting
the outcome. Let’s see what happens if we try to predict for age instead. If
the patient is, say 26 years old and healthy then what would be the possi-
bility her newborn will be underweight? Using such a model can better help
doctors predict an outcome provided a predictor variable (or several). The
more variables that are considered the more complex the problem becomes.
We cannot graphically see more than three predictor variables; it plots out-
side the three-dimensional domain. We then have to rely on other statistical
techniques in order to read and understand the data.

We then take Pearsons Residual of the data set to better understand what
the data is doing. It is shown below. This representation tells us that this
model can best predict the probability of a patient not giving birth to a low
weight child.

Figure 5: Pearson’s R(esiduals)

4 Conclusion

In conclusion, logistic regression provides for a predictor model of an out-
come; whether it be ’yes’ or ’no’, ’live’ or ’die’, ’sick’ or ’not sick’, etc.,
depending on the explanatory variables. It is more complex than linear
regression since it contains a binary outcome and may be equipped with sev-
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eral variables. Linear regression may provide evidence for future outcomes,
or even trace data back in time. An opportunity for a doctor to moderately
predict a health issue that may arise in an individual using logistic regression
may be key for future medicine and human epidemic outbreaks. Pearson’s
R is difficult yet to understand; I am still trying to implement this with the
data.

5 Code

** For Coronary Heart Disease Example **

(*Coronary Heart Disease {age,outcome}*)

Data = {{20, 0}, {23, 0}, {24, 0}, {25, 0}, {25, 1}, {26, 0}, {26,

0}, {28, 0}, {28, 0}, {29, 0}, {30, 0}, {30, 0}, {30, 0}, {30,

0}, {30, 0}, {30, 1}, {32, 0}, {32, 0}, {33, 0}, {33, 0}, {34,

0}, {34, 0}, {34, 1}, {34, 0}, {34, 0}, {35, 0}, {35, 0}, {36,

0}, {36, 1}, {36, 0}, {37, 0}, {37, 1}, {37, 0}, {38, 0}, {38,

0}, {39, 0}, {39, 1}, {40, 0}, {40, 1}, {41, 0}, {41, 0}, {42,

0}, {42, 0}, {42, 0}, {42, 1}, {43, 0}, {43, 0}, {43, 1}, {44,

0}, {44, 0}, {44, 1}, {44, 1}, {45, 0}, {45, 1}, {46, 0}, {46,

1}, {47, 0}, {47, 0}, {47, 1}, {48, 0}, {48, 1}, {48, 1}, {49,

0}, {49, 0}, {49, 1}, {50, 0}, {50, 1}, {51, 0}, {52, 0}, {52,

1}, {53, 1}, {53, 1}, {54, 1}, {55, 0}, {55, 1}, {55, 1}, {56,

1}, {56, 1}, {56, 1}, {57, 0}, {57, 0}, {57, 1}, {57, 1}, {57,

1}, {57, 1}, {58, 0}, {58, 1}, {58, 1}, {59, 1}, {59, 1}, {60,

0}, {60, 1}, {61, 1}, {62, 1}, {62, 1}, {63, 1}, {64, 0}, {64,

1}, {65, 1}, {69, 1}};

logit = LogitModelFit[Data, x, x]

pearson = logit["PearsonResiduals"]

Show[ListPlot[Data], Plot[logit[x], {x, 1, 100}], PlotRange -> All,

AxesOrigin -> {.9, -.1}]

Plot[Log[logit[x]/(1 - logit[x])], {x, Min[Data], Max[Data]}]
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** For low birth weight infants Example **

(*Weight (mens.) vs. Outcome - DATA*)

Data3 = {{120, 1}, {130, 1}, {187, 1}, {105, 1}, {85, 1}, {150,

1}, {97, 1}, {128, 1}, {132, 1}, {165, 1}, {105, 1}, {91,

1}, {115, 1}, {130, 1}, {92, 1}, {150, 1}, {200, 1}, {155,

1}, {103, 1}, {125, 1}, {89, 1}, {102, 1}, {112, 1}, {117,

1}, {138, 1}, {130, 1}, {120, 1}, {130, 1}, {130, 1}, {80,

1}, {110, 1}, {105, 1}, {109, 1}, {148, 1}, {110, 1}, {121,

1}, {100, 1}, {96, 1}, {102, 1}, {110, 1}, {187, 1}, {122,

1}, {105, 1}, {115, 1}, {120, 1}, {142, 1}, {130, 1}, {120,

1}, {110, 1}, {120, 1}, {154, 1}, {105, 1}, {190, 1}, {101,

1}, {95, 1}, {100, 1}, {94, 1}, {142, 1}, {130, 1}, {182,

0}, {155, 0}, {105, 0}, {108, 0}, {107, 0}, {124, 0}, {118,

0}, {103, 0}, {123, 0}, {113, 0}, {95, 0}, {150, 0}, {95,

0}, {107, 0}, {100, 0}, {100, 0}, {98, 0}, {118, 0}, {120,

0}, {120, 0}, {121, 0}, {100, 0}, {202, 0}, {120, 0}, {120,

0}, {167, 0}, {122, 0}, {150, 0}, {168, 0}, {113, 0}, {113,

0}, {90, 0}, {121, 0}, {155, 0}, {125, 0}, {140, 0}, {138,

0}, {124, 0}, {215, 0}, {109, 0}, {185, 0}, {189, 0}, {130,

0}, {160, 0}, {90, 0}, {90, 0}, {132, 0}, {132, 0}, {115, 0}, {85,

0}, {120, 0}, {128, 0}, {130, 0}, {95, 0}, {115, 0}, {110,

0}, {110, 0}, {153, 0}, {103, 0}, {119, 0}, {119, 0}, {119,

0}, {110, 0}, {140, 0}, {133, 0}, {169, 0}, {115, 0}, {250,

0}, {141, 0}, {158, 0}, {112, 0}, {150, 0}, {115, 0}, {112,

0}, {135, 0}, {229, 0}, {140, 0}, {134, 0}, {121, 0}, {190,

0}, {131, 0}, {170, 0}, {110, 0}, {127, 0}, {123, 0}, {120,

0}, {105, 0}, {130, 0}, {175, 0}, {125, 0}, {133, 0}, {134,

0}, {235, 0}, {95, 0}, {135, 0}, {135, 0}, {154, 0}, {147,

0}, {147, 0}, {137, 0}, {110, 0}, {184, 0}, {110, 0}, {110,

0}, {120, 0}, {241, 0}, {112, 0}, {169, 0}, {120, 0}, {170,

0}, {186, 0}, {120, 0}, {130, 0}, {117, 0}, {170, 0}, {134,

0}, {135, 0}, {130, 0}, {120, 0}, {95, 0}, {158, 0}, {160,

0}, {115, 0}, {129, 0}, {130, 0}, {120, 0}, {170, 0}, {120,

0}, {116, 0}, {123, 0}};
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logit = LogitModelFit[Data3, x, x]

Normal[logit]

logit[130]

0.303802

Show[ListPlot[Data3], Plot[logit[x], {x, 1, 250}], PlotRange -> All,

AxesOrigin -> {2, -0.1}]

P = logit["PearsonResiduals"]

6 Future Goals

I have a deep interest in statistics and health care. I am intrigued by these
sorts of mathematics. My future goal is to learn more about modeling and
predicting outcomes from various health care topics that arise in the world
today. It is interesting to me to predict outcomes and view scatter plots of
a particular event. Also, I want to try to somehow tie logistic regression to
the data set of diabetes in the U.S. By doing so we could predict the likely
outcome of an individual getting diabetes. This will help doctors predict
such outcome based on a persons individual medical data, i.e. weight, BMI,
cholesterol, blood pressure, dieting and exercise habits, etc.
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