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ABSTRACT

All officers commissioned in the Marine Corps except those from the Naval
Academy are required to successfully complete an intense screening program at Officer
Candidates School (OCS). The Marine Corps is attempting to improve its officer
selection process and reduce attrition at OCS by determining which candidates it should
recruit and send to OCS. In late 2000, the Marine Corps Combat Development Command
(MCCDC) commissioned a 67-question survey that has been given to all candidates
entering OCS since fall of 2000. The results of this survey were used to build models to
estimate the probability of success of candidates based upon responses to the survey and
other demographic data. One model created from this survey was used to build a
computer desktop tool that officers may use to assist in selecting the candidates who have
the highest probability of success at OCS and in preparing them for the rigors of OCS.
This tool produced estimates of graduation probabilities for a test set of candidates that

were very highly correlated with the actual graduation rates.
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EXECUTIVE SUMMARY

In order to determine predictors of success and failure at Marine Corps Officer
Candidates School (OCS) and improve the process for commissioning Marine officer
candidates, the Marine Corps Combat Development Command commissioned a 67-
question survey to be given to all candidates attending OCS. The results from the survey
were to be used to predict whether or not an individual would succeed at OCS and to
ensure that only those candidates with a high probability of success are actually sent to

OCS.

Over the past year, over two thousand Marine officer candidates from twelve
separate companies have been given this survey. One company was removed from the
database because of errors in the data, ten were used for the initial database, and the last
company served as the test set for models that were created. Once the data was prepared
for use, a variety of statistical analysis techniques including logistic regression,
classification and regression trees, principal components, agglomerative and k-means
clustering, correlation coefficient analysis, Bayesian networks, and bagging were applied.
In some of the analysis, many of the questions were converted from categorical to

numeric format in order to save degrees of freedom in the model.

Unfortunately, because of high dimensionality of the data set and the initial high
proportion of candidates who graduated (78%), it was too difficult to predict whether or
not a given individual would graduate from OCS. It was generally found that either the
models did not have the required power to correctly predict success, or they tended to
over-fit initially and then had high misclassification rates when the model was cross-
validated. However, it was found that it is possible to predict success for groups of
candidates. A logistic regression model that contained both categorical and numeric
questions and some demographic data was determined to be the best overall model. From
the results of this model, a spreadsheet was created in which a candidate’s responses to
the survey could be entered. The spreadsheet then computes the model’s estimate of the
probability of graduation. Then, using this model, a vector of probabilities of graduation

for all candidates in the test set was produced, sorted in increasing order, and separated
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into equal-sized bins. The average predicted probability of graduation for each bin was
then calculated and compared with the actual graduation rate for each bin, providing a

99% correlation rate.

Consequently, it appears that, although it is not possible with this data set to
predict whether or not individuals will graduate from OCS, it is possible to produce a
probability of graduation for individuals based upon the results from this GLM.
Modifications to the survey recommended in the conclusion to the paper may improve
the possibility of correctly predicting whether or not individuals will graduate from

Marine Corps OCS.
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I. INTRODUCTION

A. BACKGROUND

1. Commissioning Sources

Commissioned officers in the United States Marine Corps come from several
sources: the United States Naval Academy, civilian universities, and the enlisted ranks of
the Marine Corps and other services. All of these officers except those who attend the
Naval Academy are required to successfully complete a screening process at Marine
Corps Base Quantico, Virginia, called Officer Candidates School (OCS). The mission of
Marine Corps Officer Candidates School states that its charter is “To train, evaluate, and
screen officer candidates to ensure that they possess the moral, intellectual, and physical
qualities for commissioning and the leadership potential to serve successfully as

company grade officers in the operating forces.” (http://www.ocs.usmc.mil/) One of the

primary goals of OCS is to place candidates under stressful, pressure-filled situations in
order to determine their ability to lead others while under stress (North and Smith, 1993,
p.9).

2. History of OCS

Prior to World War I, almost all officers in the Marine Corps came from either the
Naval Academy or from the enlisted ranks of the Marine Corps. Marine Corps OCS had
its true beginning during World War I, when it became necessary to commission more
officers for the war. Because of its successes in World War I, the Marine Corps,
maintained at a larger size than prior to the war, began to recruit more heavily at civilian
universities through the Naval Reserve Officer Training Corps (NROTC) program. In
1934, to further build the pool of potential candidates, the Marine Corps developed the
Platoon Leader’s Course (PLC) program for colleges with no NROTC program. Students
selected for this program were commissioned as reserve officers after two six-week
periods of instruction at either Quantico or San Diego. With concerns that America
would soon be involved in another war, the Marine Corps added, in 1940, another

program, the Officer Candidates Class. These programs have been expanded or reduced


http://www.ocs.usmc.mil/

in size as necessary over the past decades to meet the requirements for new

commissioned lieutenants in the Marine Corps (http://www.ocs.usmc.mil/history.htm).

3. OCS Programs and Requirements

Currently, the major commissioning programs are the Officer Candidate Class
(OCC), the Platoon Leader’s Class (PLC), Marine Corps Reserve Officers Training
Corps (MCROTC), and the Marine Corps Enlisted Commissioning Program (MECEP).
Their contracts state that those applying for the OCC and PLC programs agree to serve
eight years as commissioned officers in the Marine Corps Reserve if they successfully
complete the course (NAVMC 10462 (REV. 5-93)). Candidates from these programs
receive different levels of financial support for college based upon the program for which

they have been selected.

Generally recruited during their senior year of college, OCC candidates attend a
ten-week training program after they have graduated from college. They receive nothing
toward college costs. Some are recruited into this program after they have graduated and
held jobs in the civilian sector. Two small programs for commissioning of enlisted
Marines, the Enlisted Commissioning Program (ECP) and the Meritorious
Commissioning Program (MCP), generally fall under the OCC program. Enlisted
Marines applying for the ECP are required to have completed a baccalaureate degree on
their own, usually during off-duty hours while in the Marine Corps, though some who
already have degrees enlist and later apply for commissioning. The MCP is for
exceptional Marines who have some college experience, usually an associate degree or
75 semester hours of college credit. These Marines without degrees must continue to
pursue completion of their baccalaureate in order to be competitive for promotion and
continued service (MCO1040.43A, paragraph 5b). ECP and MCP candidates who do not
successfully complete OCS will be returned to a Marine Corps unit to complete their
service obligation at their prior rank (ibid, paragraph 19). Because they have received no
financial assistance, OCC candidates may leave OCS for any reason after their 7™ week
of training in Quantico and are not required to accept a commission upon graduation
from OCS (Service Agreement, Officer Candidate (Ground), NAVMC 10462 (REV. 5-
93)).


http://www.ocs.usmc.mil/history.htm

Typically, PLC candidates attend two separate and sequential six-week OCS
classes in the summers prior to college graduation, classes known as PLC Juniors and
PLC Seniors. PLC candidates usually sign up during their freshman year of college and
currently may receive money each month toward college expenses from two separate
programs: the Financial Assistance Program (FAP) (MCO 7220.43B) and the Tuition
Assistance Program (TAP) (MCO 1560.33). Once a candidate in good standing has
completed the first summer training period, he or she may apply from FAP that is
distributed using a tiered system. During the first year, eligible candidates receive $300
per month for nine months, and $350 and $400 per month during the following two years
(CMC letter, 8 November 2001). They may also receive from the TAP up to $5,200 per
year in each of their last three years of college, totaling not more than $15,600 over a
three-year period. Once candidates begin receiving this money, they are obligated to
serve for a minimum of 48 months on active duty for the Financial Assistance Program or
for eight years service, five of which must be on active duty, for the College Tuition
Assistance Program. Those who do not complete PLC Seniors except due to medical
reasons are required to reimburse the government for their financial assistance unless
they agree to serve two years as enlisted Marines; those who have accepted tuition
assistance may be required to serve for up to four years as enlisted Marines if they are not
commissioned. Anecdotally, OSO’s are aware that it is often difficult to convince a
candidate who has completed PLC Juniors to return for PLC Seniors: they find that,
currently, it is necessary to recruit three candidates in order to commission one because
many, after completing PLC Juniors, refuse FAP and CTAP and do not go on to PLC
Seniors (conversation with Major Blake Wilson, Marine Corps Recruiting Command, 27
November 2001). A cursory look at this data set may support that assertion: since those
candidates who choose the PLC Junior and PLC Senior route to commissioning attend in
separate summers, generally following their freshman and junior years of college, the
PLC Seniors in the data set likely attended PLC Juniors two summers ago, in the summer
of 1998. It is noteworthy that there was only one company of 238 PLC Seniors but three
companies of PLC Juniors totaling 698 candidates, indicating that many attending PLC
Juniors may not continue in the program to PLC Seniors, through attrition either at OCS

or in the intervening two years. During the summer of 1998, the summer in which most
3



of this year’s PLC Seniors would have attended PLC Juniors, there were 430 graduates of
PLC Juniors from only two companies (phone conversation with Sergeant Kevin R.
Scheaffer, Officer Candidates School, 16 September 2002). Although some may have
either attended PLC Seniors in the summer of 1999 or were not able to attend in 2000
because of medical or other reasons, it appears that there was significant attrition in the
intervening period between the end of PLC Juniors and the beginning of PLC Seniors:
the total number of those starting PLC Seniors was only about 55% of the total that
graduated from PLC Juniors two years ago. The discrepancy in these two numbers is not
due to a significant change in the officer recruiting mission for the Marine Corps in that

period, either, that might have necessitated an increase in officer quotas.

Those who either enroll during their junior year of college or are unable to
complete both PLC Juniors and PLC Seniors prior to graduation due to medical or other
reasons may attend a single ten-week OCS class in one summer (MCO P1100.73B,
paragraph 2001.3.a). This ten-week program, called PLC Combined, is virtually identical
to the ten-week OCC course. A candidate in the PLC Combined program may receive
tuition assistance and financial assistance once he or she has completed the ten-week
program, and the requirement to accept a commission is the same as for a candidate from

the PLC Junior and Senior program.

During the school year, those enrolled in the PLC program are required to spend
time with their OSO to prepare them for OCS. If they successfully complete PLC Juniors,
they are not required to continue with the program, as long as they have not accepted
money from either the Financial Assistance Program or the College Tuition Assistance
Program. Those who continue with the program but do not receive money are not
required to complete PLC Seniors nor to accept a commission if they complete that

program.

Of the four types of candidates, MCROTC candidates typically receive the most
financial and tuition assistance. Most MCROTC candidates receive full college tuition,
fees, textbooks, and a monthly stipend of $250 per month for freshmen and sophomores,
$300 per month for juniors, and $350 per month for seniors
(https://www.nrotc.navy.mil/scholarships_application.html). Some who do not have

4
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scholarships also participate in the NROTC College Program and may be commissioned
as reserve officers upon graduation from OCS and college (MCO P1100.73B, paragraph
3001). During their last two years, they may receive monthly stipends of $350 during
their junior year and $400 during their senior year. Because of the great expense of the
scholarship program, the Marine Corps has a great incentive to see all MCROTC
candidates commissioned. Until the end of their sophomore year, the student may dis-
enroll from the program for any reason with no requirement to reimburse the
government. At the beginning of his or her junior year in college, he or she is required to
sign a statement committing him or her to service as an officer in the Marine Corps for
eight years upon graduation from college. Participants receiving MCROTC scholarships
are required to serve four of those eight years on active duty, and non-scholarship
candidates must serve three and a half years on active duty

(https://www.nrotc.navy.mil/fags.cfm). Those MCROTC candidates who fail at OCS

except for medical reasons may be required to attend Marine Corps boot camp and serve
for up to four years as enlisted Marines or may be required to repay the government for
their tuition, fees, books, and their stipend, a great incentive for them to successfully
complete the program (MCO P1100.73B, page 3-29). In a few cases, those MCROTC
candidates who are unable to successfully complete OCS are given the opportunity to
apply for commissions in the United States Navy and thus meet their service obligations

without having to repay their college expenses.

Upon acceptance to the program, MECEP candidates are required to re-enlist for
a period to cover their entire time at college and are required to pay for all tuition, books,
and other expenses themselves at the civilian institution they attend (MCO P1100.73B,
paragraph 3001). Upon commissioning, MECEP candidates are required to serve at least
four years on active duty as commissioned officers. MECEP candidates who are found
not suitable for officer programs because of failure at OCS will be removed from the
college they are attending, returned to Marine Corps units, and required to complete their

obligated service at their current enlisted rank (MCO 1560.15L).

Both MCROTC and MECEP candidates generally spend more time with their
Marine Officer Instructor (MOI) than PLC candidates do with their OSO and receive

5
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more instruction during the school year, taking actual classes in military science and
receiving extracurricular instruction during the year. Consequently, MECEP and
MCROTC candidates are required to attend only a single six-week program called
“Bulldog” in one of the summers prior to college graduation. Because of the background
of the enlisted Marines and the more extensive training of MCROTC students, this
program does not spend as much time in indoctrination and basics of military life;
consequently, their course in Quantico is quite a bit more compressed than the OCC or

PLC programs.

4. Candidate Recruiting and Training Prior to OCS

The Marine Corps has a well-established recruiting program to ensure that its
requirements for new officers are met each year, with regional Officer Selection Officers
(OSOs), who recruit PLC and OCC candidates, and Marine Officer Instructors (MOIs) at
each college that has an MCROTC program. An OSQO’s responsibility usually lies along
geographic lines. Each OSO has a certain geographic area, often covering thousands of
square miles, and works at the colleges in that region to recruit candidates. Most MOIs
work at a single university to oversee the MCROTC and MECEP candidates enrolled
there. A few MOIs must cover the MCROTC programs at more than one university in a
very small geographic region, such as the greater Atlanta area, which has several
universities with ROTC units within the local area. While these OSOs and MOIs are
responsible for training officer candidates in Marine Corps customs, doctrine and history
and in preparing them for OCS, OSOs are required to spend much of their time recruiting
new candidates, which reduces the amount of time they have available to train their
candidates. Depending upon the year and the geographic region, each OSO is required to
recruit several new officer candidates each month, which may require extensive travel
over his or her region. Anecdotally, it is known within Marine Corps circles that
recruiting duty is some of the most difficult duty in the Marine Corps, requiring much
time for travel and extremely long work hours, both in recruiting enlisted personnel and
officers. On the other hand, MOIs are required to do very little recruiting or traveling;

they spend the majority of their time training their MCROTC and MECEP candidates for

6



OCS. It is extremely expensive to maintain this recruiting structure, and the Marine
Corps would like to minimize the costs involved in recruiting and commissioning
officers. In 2001, there were 72 OSOs and 63 MOIs spread across the United States. Each
MCROTC unit also has a staff non-commissioned officer assigned as an advisor to the
candidates, as well as the MOI (phone conversations with Master Sergeant Ricardo A.
Hudson and Mrs. Tonya L. Durden, Marine Corps Recruiting Command, 16 August
2002).

B. AREA OF RESEARCH

The Marine Corps spends millions of dollars each year in recruiting officers.
Historically, there has been about a 25% failure rate at Marine Corps Officer Candidates
School. Each failure costs the Marine Corps valuable time and money. In addition to the
tuition, stipends, uniforms, and books where applicable, there are many other expenses,
such as transportation for candidates to and from OCS, training events, medical
screenings including flight physicals for potential candidates, hotel lodging for
candidates when they have to attend training or undergo medical screening away from
home, automobile mileage for OSOs as they travel from college to college, and a whole
host of other expenses (phone conversation with Major Timothy Kornacki, former OSO,
20 June 2002). For each failure at OCS, another officer candidate must be recruited,
screened, and prepared for a later OCS class. In recent years, in order to get one
successful candidate to finish OCS and accept a commission as a Marine Corps officer, it
has been necessary to recruit three candidates (conversation with Major Blake Wilson, 27
November 2001). Candidates may not complete OCS for a variety of reasons. Many, after
looking into the program, simply decide that they do not want to become Marine officers.
Others do not have the mental, physical or moral aptitude or are required to leave OCS

because of injuries sustained in training.

In an effort to minimize the number of failures among OCS candidates, the
Marine Corps Combat Development Command’s (MCCDC) Studies and Analysis (S &
A) Division commissioned, in late 2000, a 67-question survey that has been given to
every candidate entering OCS since fall of 2000. The questions are broken into five basic

7



categories: General Demographic Information, General OCS Preparation, Physical
Training Section, Health/Lifestyle Section, and Medical History Section. MCCDC would
like to reduce attrition without changing its screening standards or reducing the quality of
Marine Corps OCS candidates. Marine Corps S & A requested that research be done to
identify ways to reduce candidate attrition at OCS by finding profiles that predict attrition
at OCS. Additionally, they requested that two tools be developed for use by OSOs and
MOIs. First, a computer-based model called the Officer Selection Officer Risk
Estimation Model (OSOREM) would allow an OSO or MOI to enter parameters and then
determine from a prediction of success or failure whether or not to send a candidate to
OCS. The second tool, called the Officer Candidate Attrition Prediction Model
(OCAPM), would be designed to identify levels of risk for candidates and predict the
reason for failure should it occur so that the probability of it occurring may be minimized
(Statement of Work). This thesis investigates the effect of these factors and combinations
of factors on the success of a typical Marine Corps OCS candidate and whether factors
indicating a higher than average probability of failure may be corrected by improved

training prior to the candidate arriving at OCS.

C. OFFICER CANDIDATES SCHOOL SUCCESS RATES

Each program for officer candidates has different service-time requirements based
upon the amount of support a candidate receives when he or she is attending college.
Based upon the requirements placed on candidates, it seems that the OCC candidates
would have the least motivation of the three groups to successfully complete OCS as well
as the least opportunity for formal preparation for OCS. Many will know either from
employment experience or from civilian recruiters’ visits to their colleges that they could
easily find employment in the civilian sector that pays markedly more than service in the
Marine Corps does, without the difficulty of OCS or the requirements of military service.
Knowing that they may be forced to either repay their college costs or to serve as enlisted
Marines should make PLC or MCROTC candidates more motivated to successfully
complete OCS. This should be particularly true for MCROTC candidates, who would

have to repay the government for their entire college education.
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The officer-recruiting program is designed so that OSOs are required to provide a
certain number of new candidates for OCS each month. The OSO does not receive a
credit until the candidate successfully completes the inventory physical fitness test (PFT)
given during the first few days of OCS. Failures do not negatively impact the OSO’s
performance rating. Generally, all they need to do is ensure they have enough candidates
to pass the PFT to meet their quota. Consequently, an OSO has little incentive to hold
back a candidate who he or she believes has a low probability of success; the OSO’s only
concern is getting the candidate to a condition in which he or she can successfully
complete the PFT. This could weaken the pool of candidates attending OCS; the OSO

sends as many as possible, weak or strong, to ensure that his or her quota is met.

D. OBJECTIVES AND RESEARCH QUESTIONS

The primary objective of this thesis is to predict success or failure of the typical
Marine Corps OCS candidate, taking into account information gained from the 67-
question survey given to OCS candidates over the past year, and to develop tools that will
assist OSOs and MOIs in preparing their candidates for OCS. These tools should allow
OSOs and MOIs to enter data into a desktop-based program that will produce a predicted
probability of success at the candidate’s OCS class. They should, as well, be able to be

updated periodically with new data as additional companies graduate from OCS.

The primary research question for this thesis is: “Are there any factors or
combinations of factors which positively or negatively contribute toward successful
completion of Marine Corps OCS?” The secondary question is: “Which factors or
combinations of factors can be influenced by OSOs, MOIs and OCS staff in order to
minimize the probability of failure and maximize the probability of success at OCS?” It
would also be desirable to address whether or not success or failure can be predicted

based upon a candidate’s responses to the survey.
The null hypothesis for the primary research questions is as follows:

Hop:  None of the factors included in the survey is significant in predicting success of

candidates from Marine Corps OCS.



Conversely, the alternative hypothesis for the primary research questions is as

follows:

Hi: At least one of the factors included in the survey is significant in predicting

success of candidates from Marine Corps OCS.

E. SCOPE OF THESIS AND METHODOLOGY
1. Scope of Thesis

Research done for this thesis applies to all officer screening programs in the
military services, particularly programs that place applicants in high-pressure situations.
For example, this may apply to the services’ officer candidate schools and officer training
school, as well as the indoctrination period that freshmen undergo at the United States’
service academies. Additionally, many of the findings may apply to initial-entry training
of enlistees in the services as well as to other organizations that screen applicants in

similar fashion, such as police academies and the Federal Bureau of Investigation (FBI).

2. Thesis Methodology

The foundation of this thesis is the survey given to candidates at Marine Corps
OCS. First, it was necessary to investigate the validity of all the questions and responses
of the survey. Next, responses were checked for validity, and errors in the data set need
to be removed. Then, once the survey results are transferred into a statistics package,
statistical analysis techniques such as classification trees, regression, and linear models
were used to identify factors or combinations of factors that point toward success or
failure at OCS and fit models for the typical candidate at OCS. From that, a spreadsheet-
based tool was created to assist OSOs, MOIs, and OCS staff in identifying those
candidates who have a higher probability of failure than the average candidate in the
whole OCS program and in the particular program for this candidate. This tool may
provide guidance as to how to improve each candidate’s performance. Further potential
applications include a means to create a means by which the data can be continually

updated as additional classes complete OCS and the data set becomes larger. Finally, data
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gathered from a class that graduated in March 2002 was used to validate the model and

tools that have been developed.

F. ORGANIZATION OF THESIS

Chapter I of this thesis has provided an introduction and background information
on the problem as well as a basic description of the various OCS programs. Chapter II is
a discussion of studies done on attrition in the workforce, primarily focused on military
examples. Chapter III covers the data and methodology used in this problem and
assumptions made in the study. Chapter IV discusses the development of the models from
the data. Chapter V provides a summary of findings from this thesis, conclusions gained

from the research, recommendations for further research and action by the Marine Corps.
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II. LITERATURE REVIEW

A. STUDIES IN EMPLOYMENT ATTRITION

Over the years, there have been numerous studies aimed at determining success
and attrition rates of people in various organizations. From academics to civilian
employment to military service, researchers have determined that there are two basic
groups of factors that serve as predictors of success for people in various organizations:
individual factors and organizational factors. Individual factors involve such categories
as demographics, motivations, expectations, and personality traits, while the
organizational factors refer to the basic characteristics of the organization. Research has
consistently shown that the individual factors of motivation, education level, and marital

status best predict attrition in military units (Carroll and Cole, pp. 31-32).

Organizations that require a screening process in a high-pressure environment
have many similarities with military indoctrination programs. Processes such as the
introductory course at various police academies, fire academies, and the FBI, could be
useful in providing more sources to study and use as references for potential predictors of
success or failure at Marine Corps OCS. There do not appear to be any published studies

on attrition of applicants to such programs.

B. STUDIES IN ENLISTED ASSESSION ATTRITION

Prior to the late 1970’s, most of the research on military attrition focused on
individual factors rather than organizational ones. (Mobley, Hand, Baker, and Meglino,
1978, p. 2) Research in other fields suggested that individual intentions may be
significant in predicting future behavior in employees (ibid, p.8). In the late 1970’s, the
Center for Management and Organizational Research conducted a series of studies to
determine predictors of attrition of enlisted Marine Corps recruits. One of these studies,
published in 1978, was based on a survey given to 1,521 male, non-reservist recruits from
three consecutive recruit-training companies in August 1976, at Marine Corps Recruit

Depot Parris Island, South Carolina. This survey was given at the beginning of training;
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12% of the recruits were not successful in completing recruit training. The study included
demographic information attained from the Recruit Accession Management System
(RAMS) along with results of questions in the survey that addressed pre-recruit training
intentions, expectations, and attraction to civilian and military roles. Questions in the
survey asked participants to rate how desirable certain role outcomes were and to give
their expected probability that the Marine Corps and civilian employment would allow
them to attain those outcomes (ibid, 1978, p. 13). For instance, recruits were asked how
important a strong family life is to them and then were asked to rate how likely they
expected both the military and civilian employment would help them to achieve that goal.
The values were multiplied by expected probabilities for all questions in each category to
give an overall utility value. Additionally, there was another survey given to recruits
when they either graduated from recruit training or failed from the program, and other
surveys were given to continue to track these Marines as they progressed through

advanced training and on to other duty stations.

Researchers found several significant differences between those who graduated
and those who did not. First, demographically, there were significant differences in
education, marital status, and mental score. Those who graduated were more likely to
have higher education and mental levels and less likely to be married. The education
level difference was significant at the 0.01 level, and the other two were significant at the
0.05 level. Second, they found differences between the two groups’ intentions even
before they started training. Questions addressing intentions indicated that graduates had
significantly greater intention than non-graduates to complete their enlistment contract
and to re-enlist, both significant at the 0.01 level. Again, even before they began recruit
training, there were significant differences in expectations; those who eventually
graduated had a higher expectation of graduating and had a lower expectation of being
able to find a civilian job (ibid, p. 21). Responses to questions that addressed both
attraction to recruits’ potential role as Marines and belief that becoming Marines would
allow them to meet their goals indicated that, even before boot camp, subsequent
graduates had a significantly greater desire to become Marines and expectation of

completing their first-term enlistment than non-graduates. Interestingly, there were no

14



significant differences in attraction to civilian jobs or expectation of finding civilian
employment between the graduate and non-graduate groups. Regarding overall
satisfaction with the Marine Corps, those who subsequently graduated were significantly
more likely to expect to be satisfied than non-graduates (ibid, p. 22). The authors also
constructed a logistic regression model to predict recruit training attrition. The best
predictor of attrition was the recruit’s expectancy of completion measured at the
beginning of training. Other variables that contributed the significantly in the equation
were education, the sum of positive minus negative Marine role outcome expectancies,
expectation of finding a civilian job (negative impact), intention to complete, age

(negative impact), Marine force role, and expected overall satisfaction.

A second study of the turnover process among this group of enlisted Marines over
their entire four-year enlistment term took a closer look at behavioral intentions of the
Marines. The authors pointed out that turnover among new employees is often due to the
employees seeing little utility in their present situation, having low satisfaction in their
job, and having low motivation to remain. As was suggested in the first study, those who
completed enlistment had significantly higher intention to complete their enlistment than
those who did not. The results indicate that behavioral intentions can act as a predictor of
employee turnover (Youngblood, Mobley, and Meglino, 1983). Such an indication may
have implications on the success rates of Marine officer candidates: those who succeed
may, in general, be those who simply have the highest motivation and desire to succeed

at OCS.

C. STUDIES IN OFFICER CANDIDATE ATTRITION

In an effort to determine the causes for officer candidate attrition and
consequently to minimize attrition, several military services have commissioned studies
over the years using various methods. In the early 1980’s, researchers conducted a study
of attrition among cadets at the United States Military Academy, West Point, New York,
and candidates at Army Officer Candidate School, Fort Benning, Georgia, using the
Miner Sentence Completion Scale (MSCS) (Form H) to determine if motivational
propensities were significant in predicting graduation rates of cadets and candidates.
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Previous research has determined that military training organizations may be viewed as
hierarchical in nature. This test involves a survey given to participants who answer
incomplete sentences that are intended to measure their opinions on the following seven
subscales: Authority Figures, Competitive Games, Competitive Situations, Assertive
Role, Imposing Wishes, Standing Out From Group, and Routine Administrative
Functions. A positive score indicates that an individual is likely to fit in a hierarchical
organization (Miner, 2000). The researchers’ underlying premise was that an individual
is less likely to quit from a job when his or her motives correspond to the demands of the
organization. Much research in the past has supported the concept that the military is a
hierarchical organization. Thus, the researchers tested the hypothesis that turnover would
be higher among cadets and candidates whose motives were not consistent with a
hierarchical organization. Those more likely to attrite from a hierarchical organization
could generally be characterized as less comfortable with authority, either in themselves

or others; less competitive; and less desirous of distinguishing themselves.

The study of the West Point cadets may have applicability to this study because of
the particularly intense training and evaluation conducted upon freshmen, called
“plebes,” as well as the continued academic and military pressure on cadets through their
four years of college instruction at West Point. Early in their freshman year, the cadets
were given a survey whose results were used until the class graduated. The questionnaire
had blanks in which cadets were required to write their answers, and, to minimize
grading variance, a single evaluator scored all the surveys. The study of the West Point
cadets, covering their four years there, did not include those who were forced to leave the
academy; it is reasonable to assume that some of those who voluntarily left West Point
would have eventually been forced out. The data set that was examined consisted of a
randomly chosen set of 502 cadets, 36% of the class entering in 1972. In this group, 313
graduated, 53 were forced to leave, and 136 voluntarily left the academy. The graduation
and resignation rates of this subset were consistent with rates for the entire class. Even
though the study covered a long period during which attitudes may have changed in the
cadets, the researchers still found significant differences between the group that

graduated and the group that voluntarily left West Point in total scores, Assertive Role,
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Imposing Wishes, and Routine Administrative Functions (Butler, Lardent, and Miner,

1983, pp. 496-499).

The study of Army OCS candidates was conducted over a much shorter period,
the fifteen weeks of two OCS classes in late 1975 and early 1976, reducing the likelihood
that the individual candidates would markedly change their attitudes toward their
organization. This intense evaluation program was likely to be very similar to the focus
of this study, Marine Corps OCS. Most of those attending Army OCS were superior
performers among the enlisted ranks of the Army, so it is likely that they already had
many of the attitudes and motivations consistent with Army hierarchical structure. Of 110
candidates with usable surveys in the first company, 91 graduated and 19 left prior to
graduation. In the second company, surveys for 131 graduating and 10 separating
candidates were usable. Combined, the two companies provided records of 222 graduates
and 29 non-graduates, a 12% failure rate, substantially lower than the West Point attrition
rate. Unfortunately, the surveys were given a little later in the training cycle for this
company (training day thirteen instead of day three), so some of the candidates who left
within the first few days of their class never took the survey. The OCS study used a
multiple-choice measurement instead of the blanks used in the West Point study,
reducing the possibility of scorer variability but likely skewing the responses to shed a
more positive light upon participants. Researchers also used additional tests designed for
use in a manufacturing environment. The results of the survey of OCS candidates
indicated significant differences between graduates and non-graduates in total score,
Competitive Games, Competitive Situations, and Assertive Role, as well as several
categories in the manufacturing test and another test. The tests of OCS candidates
indicated a stronger competitive nature among graduates than non-graduates. In
summary, both studies supported the hypothesis that turnover among those training to
become military officers tends to be higher among those who lack motives that are
congruent with hierarchical systems, such as the military. Both motives and motivation
appeared to be significant in predicting attrition among these groups. (Butler, Lardent,

and Miner, 1983, pp. 500-505).
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In 1993, two Air Force officers wrote a thesis addressing attrition of African-
American officer candidates in the Air Force. Their study’s focus is somewhat different
from that of this thesis because their focus was upon academic performance of cadets at
the United States Air Force Academy (USAFA) and at U. S. Air Force ROTC units.
Although both of these programs are much less intense and more academic than Marine
Corps OCS, there are some similarities that bear scrutiny, particularly the USAFA’s
indoctrination program for freshmen. Anecdotally, this program is not believed to be as
intense as that used at West Point during the time of the previous study. Their study
focused upon how much academic performance and area of high school attendance
differed between African-Americans and other Air Force officer candidates (Carroll and
Cole, 1993, p. 8). The officers concluded that academics had only a limited role in
predicting success of these candidates, either at USAFA or at civilian universities in the
AFROTC program (ibid, p. 82). More important, they determined, was the motivation
level for each candidate (ibid, p. 50). At the end of their report, they commented that the
importance of academic potential diminishes for USAFA cadets once they enter training,
which is significant in this study because the indoctrination of first-year cadets at
USAFA more closely resembles that of Marine OCS than does the experience of
AFROTC candidates at civilian universities. They discussed the importance of the
common bond that results from group activities, giving feelings of involvement for

USAFA cadets (ibid, p. 93).

Closer to the focus of this thesis, in 1993, James H. North and Karen D. Smith of
the Center for Naval Analysis produced a report that concerns the commissioning of
officers in the Marine Corps. The purposes of this study were to determine if differences
in performance in minority candidates and officers was due to discrimination, to assist
recruiters in identifying those candidates who had the highest probability of success at
OCS, and to determine the best mix of OCS classes (North and Smith, p. 1). Using data
obtained from the Marine Corps’ Automatic Recruit Management System (ARMS) (ibid,
p. 22), they determined that the most important factor in successful completion of OCS
for males is prior service as a Marine (ibid, p. 3). Additional significant terms in their

model are physical fitness scores, race and ethnicity, and gender. They recommended that
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programs for enlisted commissioning be expanded because prior enlisted candidates had
a 17% higher probability of success at OCS than those with no prior service as enlisted
Marines. They also noted that a candidate with a 275-point PFT score was 6.6% more
likely to graduate than a candidate with a 250 score (ibid, p. 30). All minorities had an
8% lower probability of success at OCS than white officers. Females had about a 20%
higher attrition rate than males in this study, but it did not measure the gender
performance gap because the two groups were analyzed separately. For females, the only
statistically significant factor was the PFT score: a ten-point increase in PFT predicted a
3% decrease in attrition probability (ibid, p. 59). They further noted that candidates from
more competitive colleges or schools with NROTC units had a higher probability of
success and that more participation by the OSO in pre-OCS preparation seems to increase

the probability of success in candidates (ibid, p. 5).

North and Smith took a close look at individual OCS programs. For OCC and
PLC candidates, they determined that indicators of success at OCS were higher PFT
scores, younger ages, being Caucasian, not having an Electronic Repair (EL) composite
score waiver on the Armed Services Vocational Aptitude Battery (ASVAB), having prior
service in the Marine Corps, studying engineering, and attending a college that had an
NROTC unit. Those with an EL score waiver had a 4.5% higher probability of attrition
than those without such a waiver (ibid, p. 30). Furthermore, those who attended
historically African-American colleges had a higher attrition rate than others. They also
determined that those attending either of the six-week PLC programs were more likely to
graduate than those in OCC (ten-week program), and those with aviation guarantees or
from the Enlisted Commissioning Program had a lower likelihood of attrition (ibid, pp.
27-29). In the NROTC program, they determined that younger candidates, candidates
with higher PFT scores, and those from the MECEP program had a lower probability of
attrition than other candidates. Interestingly, there was no significant difference for race

or ethnicity in this group (p. 63).

Captain Cheryl L. Fitzgerald (1996), a Marine Corps officer, studied the attrition
of females at Marine Corps Officer Candidates School, primarily in an effort to

determine why the attrition rates of females historically has been higher than the rate for
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males. Her research used both regression models and surveys as well as demographic
data attained from the Automated Recruit Management System (ARMS) database
maintained by Headquarters Marine Corps to help predict female attrition. On the whole,
the regression models had little value in predicting attrition (Fitzgerald, 1996, p. 72). Her
study further focused upon the results attained from surveys given to candidates before
beginning OCS during the summer of 1995 and upon departing OCS, after either

successfully completing the course or not completing it for any reason.

Contrary to the study done by North and Smith, whose data indicated that higher
PFT scores predict a lower probability of attrition (North and Smith, p. 59), Captain
Fitzgerald’s results indicated that physical fitness scores did not have a significant effect
upon completion rates at OCS. From her study, she determined that accession was the
only significant factor in predicting successful completion of OCS. During that summer,
those female candidates who were previously enlisted Marines or came from the NROTC
program had a significantly higher probability of success at OCS (ibid, p. 46). Those
candidates pursuing commissions via the MECEP, ECP, MCP, or NROTC programs had
a 15% higher probability of success than candidates from other programs. Captain
Fitzgerald further determined that, when the effect from commissioning source was
removed from the model, the only other significant factor is the age of the candidate. Her
research found that a candidate’s probability of success decreased 1% for each year older
she was when she attended OCS. This finding, as well, contradicted the results of the
North and Smith study, though the finding was not significant at the 0.05 level (ibid, p.
46). She recommended that Marine Corps recruiting efforts be focused on increasing
accessions from the MECEP, ECP, MCP, and NROTC programs and that efforts be
directed toward recruiting younger women for OCS (ibid, p. 73). Additionally, because
of differences in male and female responses determined from the post-course and
separation surveys, she recommended that the six-week pre-course physical training
program for females be changed because the majority of successful and unsuccessful
females recommended that they should do more hiking and walking with a pack to
prepare for OCS (ibid, p. 76). She felt that preparation training for OCS might be more
beneficial if it differed by gender; the majority of males felt that they could have been
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better physically prepared if they had done more running prior to OCS (ibid, p. 35).
Unfortunately, because of the anonymous nature of the surveys, the results of each survey
were not tied to the participant’s social security number or other code that would identify

each candidate, so the surveys did not provide as much information as they might have.
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III. DATA AND METHODOLOGY

A. DATA
1. Database Used in Thesis

The data for this study has been collected over the period of a year. During the
period from January 2001 to January 2002, 2,836 Marine officer candidates from twelve
separate companies were given surveys whose responses were entered into the Marine
Corps Automated Information System (MCAIMS). Four of the twelve companies were
OCC companies, three were PLC Junior companies, one was a PLC Senior company, one
was a PLC Combined company, one was a combined OCC and PLC Combined company
because there were not enough of either group to justify separate companies, and two
were combined MCROTC and MECEP “Bulldog” companies. The survey was given to
all candidates from each company in a one-hour classroom setting during the first week
of training at OCS. Although the survey was the primary database for use in building
models for predicting success of candidates, demographic data stored in ARMS was also

used because it was believed that additional predictors might be found in this data.

The first set of surveys, received from an OCC company designated as C-176,
which had 241 candidates, had significantly more errors and missing values than later
surveys because administrators of the survey learned points at which to clarify
instructions as well as techniques to prevent candidates from making errors while filling
out the survey. The last company to take the survey during this period, a 301-candidate
OCC company designated as C-179, served as the test set for the models created. Of
these, demographic data for one OCC company was not available, requiring its removal,
as well, from the analysis. Consequently, two OCC companies, three PLC Junior
companies, one PLC Senior company, one PLC Combined company, one company
containing OCC and PLC Combined candidates, and two Bulldog companies were used
for model development. 2,000 surveys had demographic data available and were usable.
Additionally, many analysis techniques required that responses from any candidate with
missing values be deleted, resulting in 245 more candidates being removed, which left

only 1,755 usable surveys. Thus, there were 284 OCC candidates, 648 PLC Junior
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candidates, 224 PLC Senior candidates, 284 PLC Combined candidates, 191 MCROTC
candidates, and 124 MECEP candidates in resulting analysis. Some of the analysis
allowed only questions whose responses could be converted to numeric values, reducing

the number of questions used from 67 to 46.

The data from the survey was stored as a flat file in Microsoft Access® (Prague
and Irwin, 1997, p. 3) with each response given the same letter that appears for each
response in the survey. Between two and five sequential letters beginning with “A” were
used for each question representing various responses, depending upon how many
choices candidates had for each question. For situations in which either the candidate did
not answer the question or the scanner could not read the response, the question was
given an “X” value. These databases were later converted into S-Plus® (S-Plus 2000
User’s Guide, 1997, p. 12) data frames for analysis. In the process of conversion, social
security numbers beginning with 0’s had to be corrected so that they could be read
correctly. Additionally, in many cases, the data was not entered in a systematic and
consistent manner: for example, demographic data may have been input into the
Microsoft Access® database as either “True,” “Yes,” or “Y” or a combination of capital
and lower-case letters with the potential for added blank spaces at the end of the typed
response to create additional categories for essentially the same response. These had to be
modified very carefully to ensure that the responses were aggregated properly. For
example, in the “Religion” category from the demographic data, there were at least
twenty variations for the response “Catholic,” most of which resulted from typographical
errors but some from differences in use of capital letters in entering the data. For
example, data for the same entries was often entered with one or more different
keystrokes different or various typographical or spelling errors, resulting in the creation
of different categories in S-Plus®. This problem would have been greatly reduced if a
small macro were produced that would allow personnel entering demographic data to
enter the majority of possible responses via pull-down menus with an option to enter

other selections manually.

While consolidating the data, it was necessary to make several assumptions. First,

for the “Married.Y.N” column in the demographic data, it was assumed all missing
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values were “No” unless there were some other discriminator that might suggest that the
candidate were married. Most Marine officer candidates are not married, so this is likely
a valid assumption. Second, there were many inconsistencies in columns indicating
whether or not a candidate had dependents and how many of them he or she had at the
time of the OCS class. All those that indicated “Yes” but also showed “0” as the number
of dependents were verified not to have dependents nor be married by OCS staff.
Unfortunately, at the time of the analysis, OCS was unable to provide answers for the
much larger set of candidates who indicated “No” in the column asking whether or not
they had dependents but showed a number greater than 0 in the column of data giving the
number of dependents. In attempting to correct for these discrepancies, it was necessary
to make a few assumptions. First, those candidates who had named dependents were
changed from “No” to “Yes” in the “Dependents.Y.N” column, and the “Number of
Dependents” column was changed to reflect the number of listed dependents. Those who
had no named dependents were more difficult to verify because of the potential for
missing values there. Either the whole group could have been changed to “Yes” because
they had other than a “0,” or only those with named dependents might have been
changed. The latter option was chosen because the vast majority of OCS candidates have
no dependents, and all those with “No” listed were given the number “0” as their number
of dependents. When faced with other inconsistencies in this data, it was decided to go
with a “majority rules” approach. For example, if data indicated that a candidate was
single, had “No” dependents in the “Dependents: Y/N” column and “1” or more in the

“Number of Dependents” column, the last number was changed to read “0”.

Repeat Appearances of Candidates at OCS. There were a few instances in
which candidates appeared twice in the database; these involved a candidate who failed
to complete the program and then returned for another class. In each case, the candidate
again failed to complete the class. Both instances for all these candidates were left in the

database.

Missing Data. Due to the large amount of missing data, it was necessary to make
additional assumptions. As various tables of data were checked, many fields were noted

to be empty. Again, using a “majority rules” approach, they were filled as best as
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possible. A large number of fields indicating marital status were empty. The fields
indicating whether or not the candidates had dependents and the number of dependents

were used to impute these missing values.

Honesty. One of the big assumptions made in the analysis is that the candidates
taking the surveys were honest in the answering of the questions. Several of the questions
asked were potentially embarrassing or, in the case of questions addressing use of illegal
drugs, could adversely impact the candidate’s future Marine Corps service or even open
the possibility of military or civilian prosecution. Administrators of the survey assured
candidates that the results were completely confidential and that no repercussions would
come from any answers to the survey. Also, there is a tendency even in an anonymous
survey for a participant to try to make himself or herself look better than is really true.
This has been found to be true in surveys asking questions about convictions for drunk
driving or for bankruptcy. There may be concerns among participants that even a small
risk of improper disclosure is not worth providing truthful answers on questions that
might embarrass them (Fowler, 1995, pp. 29-29). It was assumed that candidates
answered truthfully in all questions.

2. Dependent Variable

The dependent variable in this problem is “Grad.Y.N” in S-Plus®, a binary
variable to indicate whether or not a candidate successfully completed OCS. A “0”
indicates a failure, and a “1” indicates success.

3. Independent or Explanatory Variables

The set of independent variables comes from the responses to the 67-question
survey given to Marine Corps officer candidates over the past year and from
demographic data obtained from ARMS. Questions from the survey had between two and
five possible answers, and the database used an “X” to indicate that the candidate did not
answer the question. Demographic categories had a large range of potential responses.
(Appendix A.)

B. METHODOLOGY
1. Initial Findings

26



One of the first things to note with this data set is the overall success rate. The
success rate for OCS for all candidates over the period in which the survey was given
was 77.25% (1,545 graduates out of 2,000 total candidates). Thus, any model making
predictions of graduation should do better than the naive model in which all candidates
are predicted to graduate. In such a case, the model would be wrong only 22.75% of the
time. If a model does not do at least a little better than this consistently, it is not worth

consideration.

An initial look at the data set and basic check of success rates indicates that there
are statistically significant differences in success rates for the various commissioning
programs. Those in the MECEP program had the best success rate, 93.70% (127/137),
closely followed by the MCROTC candidates, who had an 88.63% success rate
(187/211). The aggregated success rate of all three PLC courses (Junior, Senior, and
Combined) was 77.83% (1,018/1,308). However, when the three courses were separated,
there is a significant difference in the results. The PLC Junior success rate was 83.81%
(585/698), and the PLC Senior success rate was 89.50% (213/238). However, the PLC
Combined success rate was only 59.14% (220/372). This rate very closely matches the
other ten-week program, the OCC program, which had a success rate of only 61.92%
(213/344). Assuming that these 2,000 candidates represent a random sample of all OCS
candidates, a Pearson’s chi-squared test, performed on the cross-tabulation of program
versus graduation, produced a chi-squared value of 187 (on five degrees of freedom) and
a p-value of 0, indicating significant differences in graduation rates between groups.

2. Analysis of Data Set Containing Only Officer Candidates Course
Candidates

As was stated earlier in this paper, the initial desire in the creation of models was
to build a model that would provide strong enough conclusions so that the Marine Corps
could predict whether or not individuals would successfully complete OCS. Because of
anecdotal knowledge that the sets of candidates from different commissioning sources
performed differently and because other studies indicated that commissioning source is
one of the most important predictors of success at OCS (North and Smith, 1993, and

Fitzgerald, 1996), the large data set was broken into smaller sets that were homogeneous
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by commissioning source. It was also felt that building a model predicting success of a
group that had a graduation rate lower than that of the entire group might be possible. In
an attempt to remove variation from commissioning source at the outset of the analysis
and to use a set on which it might be easier to predict success, candidates from the
Officer Candidates Course were separated from the main data set for analysis. This data
set, containing responses from 339 candidates, contained the results from the survey, as
well as over forty questions from the demographic data gathered from ARMS. The
overall success rate of candidates from this data set was 62.5% (212 out of 339). The data
set contained such a large number of possible responses due to the demographic
questions and the letter-based responses to the survey that analysis was extremely
difficult due to limited degrees of freedom available. In order to correct this, many of the
responses in demographic questions were aggregated as best as possible, and some
demographic questions were excluded from the analysis. For example, there were
initially over seventy different “Religion” fields, which were later reduced to four

different categories: Catholic, Protestant, Other, and None.

The first technique attempted was the logistic regression, in which each
candidate’s outcome is assumed to be a Bernoulli random variable with probability
whose logit is a linear function of that candidate’s prediction variables (Hamilton, 1992,
pp. 217-223). This model was then combined with an iterative function in S-Plus® that
computes the Akaike Information Criterion (AIC) (Venables and Ripley, 1994). This
function attempts to minimize the AIC, a score that represents a sum of the model’s total
error plus a penalty function based upon the complexity of the model. The higher the
model’s error and the more complex the model, the higher the AIC score. Thus, a low
AIC score is a desirable trait in a model because the error is small and the model is not
complex (Hand, ef al, 2001, p. 225). Using only one-term interactions, the AIC score,
decreased from 450.41 for an empty model with no terms, to 288.18 with 22 independent
variables selected by S-Plus® for the model. In a later attempt to determine AIC from a
data frame including only the 67 questions as independent variables and the “Grad.Y.N”
dependent variable, only eight of the 67 questions were removed. This model is clearly

worse than the previous one because it has more than twice as many terms as the
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previous one. It is apparent from this analysis that, based upon the large number of terms
in each of these models, the relationship between the available predictors and graduation

is more complex than expected.

After looking at the AIC results, the next statistical analysis technique used on
this data set was the classification tree algorithm (Breiman, Friedman, Olshen and Stone,
1984). Classification trees produced by this algorithm are one of the most important
statistical modeling innovations over the past few decades. The tree model produces a
hierarchy of binary decisions as to the best variable upon which to split the data set,
attempting to create subsets that are as homogeneous as possible. If there are too many
splits, the model will over-fit, while too few splits will result in insufficient predictive
power in the tree. Splits from the algorithm are “greedy,” meaning that they are the best
splits for the moment, possibly at the expense of later split decisions; they may not be the
best ones for the global building of the tree. Trees produced by this algorithm are scored
by a loss function in which each incorrect prediction adds a loss of one to the score, and
each correct prediction adds a loss of 0. Cross-validation of the model is then necessary
to ensure that a low initial misclassification rate is not due to over-fitting the model. In
cross-validation, several subsets randomly generated from the training set are run through
the proposed tree, and the overall misclassification rate is used to indicate how good the
tree is. Ideally, the optimal classification tree size will minimize both the training set

error rate and the test set error rate (Hand, et al/, 2001, pp. 145-151).

When the first tree using the entire data set was created, it used 31 variables and
39 terminal nodes and produced a misclassification rate of 9.44%. When cross-validated,
this tree had a misclassification rate of 46%, a clear indication that the full tree over-fit
the model. In an attempt to set a lower bound for the size of the tree, it was pruned to four
leaves, which provided a misclassification rate of 35%, actually worse than the naive
model’s failure rate of 34.5%. A cross-validation function produced a misclassification
rate of 42%, definitely worse than the naive model. The tree of six leaves provided a
misclassification rate of 31% for the training set, not much better than the naive model’s
failure rate and a cross-validated misclassification rate of 42%, as well. Additional

attempts to prune the large tree to eight and ten leaves also produced trees with initial
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misclassification rates close to the rate for the naive model and extremely large cross-
validated misclassification rates. Typically, the models had one or more terminal leaves
with fairly large groups and extremely poor misclassification rates that greatly increased
the model’s overall misclassification rate. For example, the eight-leaf tree has one
terminal leaf with 123 candidates, over one-third of the entire data set, which predicts
that all graduate, where only 41.5% of that group actually graduated from OCS. Without
this one leaf, the misclassification rates for this model would have been considerably
lower. Overall, it appears that, even though none of the classification trees appears to be
very good, the best is the six-leaf tree, which has a misclassification rate of 32% and a
cross-validated misclassification rate of 42%. All other trees have either a worse initial
misclassification rate or considerably more leaves and virtually the same cross-validated
misclassification rate. This further supports the assertion of complexity in this data set
and indicates that it will be difficult to predict whether or not individuals will graduate

from OCS.

One of the problems with building models from surveys using categorical
responses is that a degree of freedom is used with each response in each question, thus
making the analysis less powerful when large numbers of degrees of freedom are used.
In numeric questions, only one degree of freedom is used regardless of the number of
potential responses for the question. Based upon the lack of a definitive model predicting
success of candidates and in order to save degrees of freedom, responses for 46 questions
in the survey were converted from categorical to numerical responses. The responses to
many questions, such as question two, which asked for the age of candidates, were
written in an ascending order and were easily transformed. Other questions had responses
that ascended from one extreme scale to another. An example of this transformation was
question eleven, which asked the type of physical activity candidates had before coming
to OCS. The responses went from sedentary work to very heavy manual labor, such as

practiced by miners, laborers, and furniture movers.

Once this was complete, another generalized linear model was created using both
categorical questions and questions whose responses were converted to numeric values.

Then, a classification tree was produced on that same data frame. This tree, like the
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previous ones, over-fits on the data, contains several large leaves that have a high
misclassification rate, and has a cross-validated misclassification rate higher than the
naive model. When this tree was pruned to four, six, eight, and fifteen leaves, it produced
results much like the pruned trees produced with only categorical responses. The model
chosen by the AIC criterion proved of little value in prediction. In particular, the usual
chi-squared test for decrease in deviance (Hamilton, p. 237) fails to reject the null

hypothesis that none of the included terms has a non-zero coefficient in the population.

Since these models did not provide any particularly useful results, principal
components were applied to the data frame containing only the numeric categories.
Principal components attempts to simplify the analysis of large numbers of variables by
examining a smaller number of linear combinations of variables in the model, to find an
optimal linear combination of them, and to maximize the explained standard deviation of
the derived variables (S-Plus 2000 User’s Guide, 1997). Principal components analysis is
often conducted to reduce data, sometimes with regression. S-Plus® provides the standard
deviations of the principal components, the loadings, and the scores when this algorithm
is applied to a model. Ideally, in a good model, the principal components should indicate
one or two linear combinations of the variables with variances much higher than
subsequent components. Subsequent components should decrease rapidly, providing an
exponential look to the graph of variances by component. The graph below does not
indicate this desired marked difference in standard deviation from the first to second
component and so forth as would be expected in a good model. It also indicates at the top
of each bar the amount of deviance in the model explained by that bar and all the other
bars to the left of it. Thus, the first ten principal components in this model only explain
48.2% of the variance in the model, much less than is desired. Ideally, for a good model,
it would be desirable to see over 70% of the variance in the model explained in the first
three or four principal components. This result again indicates the multi-dimensional

nature of this data set.
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Principal Components for OCC Numeric Data Frame
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Figure 1.  Principal Components for OCC Numeric Data Frame

In another attempt to reduce the dimensionality of the data, the set of 46 numeric
questions was clustered using the agglomerative nesting function in S-Plus® called
“agnes.” This algorithm constructs a hierarchy of clusters in which each observation is
its own cluster at the outset. During each period, the algorithm calculates the Euclidean
distances between all clusters, and the two most similar clusters are merged. Eventually,
all clusters merge into one cluster. The object was once again to find groups of questions
that were quite similar in terms of their sets of responses. Such a set of questions would
presumably contain much redundant information. The questions were divided into six
clusters based on examination of the dendrogram. Once this algorithm was run on the
numeric data frame, the single cluster was cut to the six most homogenous clusters.

These clusters contained 22, 9, 12, 1, 1, and 1 questions each. A look at the groups of
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questions does not seem to indicate any particular patterns in the grouping of the

questions.

Attempts to look at individual factors from the demographic data in this data set
also did not provide much in the way of strong predictors of success or failure. For
example, an attempt to build a GLM which used the binary factor “Grad.Y.N” as the
dependent variable and an aggregated “Religious Preference” column containing four
categories (Catholic, Protestant, Other, and None) indicated no significant difference in
any of the categories. Also, an attempt to build a classification tree using a model
developed using only the questions addressing amount of time spent as prior-service
military and the amount of time a candidate estimated it took for him or her to run a mile,
both of which are anecdotally believed to be significant predictors of OCS success,
resulted in a 36.3% misclassification rate. Attempts to do better with this model using

AIC provided no better results.

Consequently, it was determined that attempts to build models on only the OCC
candidates using logistic regression, AIC, classification trees, and principal components
did not provide any worthwhile models for predicting graduation of individuals.
However, it was determined that there does not appear to be much redundancy among

questions.

3. Analysis of Complete Data Set Using All Commissioning Sources

Once it appeared that separating the data into groups by source of commissioning
was not helpful in creating a model for predicting success, all sources of commissioning
were aggregated to see if anything better could be determined. Initial models appeared to
indicate the significance of the source of commissioning, as expected. Initial
classification trees using all questions and categorical responses to all questions provided
models not much better than those created only with candidates from the OCC program.
Generally, the misclassification rates for these trees were approximately 20%, and cross-
validated misclassification rates were about 22%. Plots of classification trees may
provide hints of the importance of factors in the model in two ways: first, through the

way the splits occur, and, second, by the vertical distance between a split and the splits
33



immediately below it. Plots of these trees for this model show that the first split occurred
on the question asking the candidate’s commissioning source. Further, the distance
between the first split on OCS Class Code and its “children” leaves is much larger than
the vertical distance anywhere else in the tree. Note that the split for question 4 from the
survey differentiates between OCC and non-OCC candidates and that question 4 does not
separate PLC candidates into their three separate groups. Interestingly, when another tree
was built using the separate PLC codes (Juniors, Seniors, and Combined) from the
demographic data, the first split was on the OCS Class Code, and the split contained
OCC and PLC Combined on one side and all other programs on the other side.

Plot of Classification Tree with Fifteen Leaves
Using Entire Categorical Set
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Figure 2.  Classification Tree with Fifteen Leaves Derived from Categorical Data Set

Next, those questions that could be converted to numeric responses were changed
in a new data frame. Trees created with this new data set provided approximately the

same results as earlier trees. Akaike Information Criterion and principal components run
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on a GLM based of this data set using binomial response variables provided roughly the

same results as previously obtained using the same algorithms.

A look at the correlations between numeric questions, the numeric class code, and
the response variable using Spearman’s rho on all 2000 of the candidates in the survey
indicated that only 16 of 1178 pairs had a correlation coefficient greater than 0.4 or less
than —0.4. For correlation coefficients either greater than 0.6 or less than —0.6, there were
only five in this data set. This is an extremely low number of high correlations, especially
for a questionnaire like this that contains so many questions that seem to be closely
related on the surface, which indicates that the questions very rarely duplicated each
other, even though many asked similar questions about similar topics. This finding

further illustrates the high dimensionality of this data set.

When these methods did not provide particularly useful in predicting success of
individual candidates, Bayesian networks were used to attempt to better predict success
of individual candidates. Bayesian networks use Bayes’ rule for probabilistic inference
and are closely related to influence diagrams, combining probability theory and graph
theory. In Bayesian networks, a person with knowledge of the system prepares a data set
for analysis through the creation of nodes and directed arcs that indicate relationships
between factors and the response variable. Arcs are created between nodes if it is felt that
one node influences another one. In this data set, the questions serve as nodes, some of
which, based upon prior knowledge of what has been found to be true in similar data sets.
Nodes may have more than one arc flowing into them and may flow out to either other
nodes representing questions, to the response variable, or to both other questions and the
response variable (Murphy, 2001). To prevent extremely long computing time, it is
important to have, in a data set of this size, only five or so major nodes feeding into the
response variable. In this data set, it was felt that, based upon previous studies, question
4, asking the candidate’s source of commissioning, influenced whether or not he or she
graduated from OCS. It was also felt that question 9, addressing whether or not the
candidate had any prior military experience, and question 10, addressing whether or not
the candidate had family members in the military, influenced question 4, so arcs from 9

and 10 to 4 were added to the network prior to any computations being done. Bayesian
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networks attempt to calculate probabilities and make predictions based upon the
percentages of responses to each question. A more complex network with many nodes
directly leading to the response variable greatly increases computation time for the
model. The model created from this influence diagram provided an extremely low
misclassification rate of 8%, but the cross-validated misclassification rate was much

higher, 28%, indicating that this model was not better than previous ones.

Then Hartigan’s k-means clustering algorithm was used on the data set containing
numeric questions. In k-means, data points are randomly assigned to one of a pre-
designated number of clusters and then are reassigned to another cluster if the Euclidean
distance to the center of that cluster is less than the distance to the current cluster’s
center. K-means provides a score for each cluster. A small score indicates that the
Euclidean distances from the cluster center to all points in the cluster are small and that,
thus, the cluster is good. Unfortunately, the clusters from this model were quite large,
which indicates that the clusters were not very good (Hand, et al/, 2001, p. 303).
Additional analysis of k-means using techniques recommended in S-Plus® recommend
that 17 is the best number of clusters for this data set, again supporting the difficulty of

breaking this data set into small, distinct groups.

Finally, a technique called bagging (Breiman), was used on the data set including
categorical responses. In bagging, a classification tree previously produced is used with
cross-validation to produce an estimate of the error rate for the model. An estimate using
all candidates without missing values in their responses and all survey questions with
three trees provided a misclassification rate of 28%, more than the rate for the naive
model. An estimate using 101 trees provided a misclassification rate of 22.3%, about the
same as the overall failure rate. Thus, the result from this technique is no better at

predicting success than the naive model.

Due to the relatively high success rate in this model, it is difficult to predict with
any accuracy whether or not candidates will graduate from OCS. Also, other than the
predicted probability of graduation often produced, most models do not indicate whether
a candidate is a strong “Graduate” or “Don’t Graduate” or very close to going either way.
Thus, one source suggests that there may be data points that fall in the region of extreme
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difficulty in making correct predictions. For instance, these may be the points discussed
earlier on the trees that have terminal leaves with relatively balanced graduation and
failure rates. Hand recommends that there may be times in which it is best to simply
delete these points with certain characteristics from the data set and not attempt to predict
them, which will likely greatly reduce the misclassification rate. It may be necessary to
accept the fact that it is impossible to accurately predict candidates who meet these

criteria (Hand, 1981, pp. 190-197).

Once all these statistical analysis techniques had been examined, it was
determined that it was not possible to predict individual candidates’ success with any
degree of accuracy any better than the naive model because of the heterogeneity of this
data set. In particular, in all but the model discussed in Chapter IV, greater than half of
the individuals has predicted probability of success between 40% and 80%. For such
individuals the chance of misclassification is greater than 20%. It is clear that, with the
information given in the survey, the overall misclassification rates cannot be reduced
below the 27% that the naive model produces. Consequently, the next attempt was to find
the best model created to date and to see if it would at least be possible to accurately
estimate the probability of success of groups of candidates. After some analysis, it was
determined that the following model containing a mix of both categorical and numeric

questions was the best one.
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This GLM was built by starting with all 67 questions and deleting terms according to the
AIC. The data frame contained only those candidates who had no missing values in their
responses to the survey, and the resulting model contained only 20 terms. It also used
numeric responses for all questions that could be converted to numeric answers, to save
degrees of freedom. The intercept coefficient is an aggregate for all the responses for
what the model determines to be a baseline candidate. In other words, the baseline
candidate in this model is in the MECEP program and is assumed to have answered “A”
to all the questions that could not be converted to numeric responses. The contribution to
the estimated logit of a candidate’s probability of success for a question with numeric
responses is calculated by multiplying the candidate’s numeric response to that question
by the question’s coefficient. For example, if a candidate answered “D” for question 21,
the 4 times the coefficient value for the question (0.214) would be added to the logit. For
a question with individual coefficients for each possible response, the coefficient for the
chosen response is added to the logit. The candidate’s probability of graduation is
calculated by adding the intercept coefficient, the coefficient of his or her OCS Class
Code if not from MECEP, the coefficients from all questions with numeric responses,
and coefficients from the answers to questions with non-numeric responses that the
candidate did not answer as “A.” This number provides the logit or log odds estimated by

the model. The relationship between the logit and the probability of graduation is
logit =log(—2—).
I-p
Solving for p gives

pP= 1+e—logit .
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IV. MODEL DEVELOPMENT

A. OFFICER SELECTION OFFICER RISK ESTIMATION TOOL

The Officer Selection Officer Risk Estimation Tool (OSOREM) was intended to
be a computer desktop tool that an OSO or MOI could use to help determine whether or
not a candidate is ready for OCS. Now that a model was selected, it was necessary to
determine how good that model is at estimating the probability of success for groups of
candidates. In order to do that, the responses for the 1755 candidates in the model were
run through the model to produce a vector of probabilities of success in a continuous
range from 0 to 1. These were then sorted from the smallest predicted probability of
success to the largest and were then binned into 26 separate groups of 65 candidates, and
the means of the predicted probabilities of success in each bin were calculated and stored
as a separate vector. The actual percentages of graduates for these same 26 groups were
then calculated and stored. The graph below indicates that the model created does a very
good job in estimating the probability of success for groups of candidates in this data set

(Appendices B and C).
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Predicted Probability of Grad vs. Graduation Rate

For Training Set
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Figure 3. Predicted Probability of Graduation vs. Graduation Rate for Training Set

The correlation between the predicted probability of graduation and the actual graduation
rate for this set of candidates is 99.82%. The following table indicates the predicted
probability of each bin, the graduation rate for that bin, and the absolute value of the

difference in the predicted probability of graduation and actual graduation rate for that

group.
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Bin Prob(Grad) Pct(Grad) | Prob(Grad) — Pct(Grad) |
1 0.1729 0.2524 0.0795
2 0.4000 0.4129 0.0129
3 0.4925 0.4943 0.0018
4 0.5587 0.5598 0.0011
5 0.6092 0.6103 0.0011
6 0.6487 0.6490 0.0003
7 0.6867 0.6854 0.0013
8 0.7259 0.7254 0.0005
9 0.7588 0.7600 0.0012
10 0.7844 0.7846 0.0002
11 0.8053 0.8062 0.0009
12 0.8246 0.8237 0.0009
13 0.8433 0.8445 0.0013
14 0.8593 0.8595 0.0001
15 0.8732 0.8735 0.0003
16 0.8853 0.8859 0.0005
17 0.8977 0.8982 0.0005
18 0.9086 0.9084 0.0002
19 0.9172 0.9176 0.0004
20 0.9267 0.9276 0.0009
21 0.9352 0.9353 0.0000
22 0.9429 0.9427 0.0002
23 0.9503 0.9507 0.0004
24 0.9585 0.9582 0.0002
25 0.9682 0.9671 0.0011
26 0.9865 0.9838 0.0027

Table 1.  Comparison of Predicted Probability of Graduation (Prob(Grad)) with Actual
Graduation Rate (Pct(Grad)) for Bins in Training Set

The only cases in which the predicted probability of graduation differed from the actual
graduation rate by more than 1% were the first and second bins, on the extreme end of
the data set. Even then, the most that the two differed was by 8%, which indicates that

this is likely a good estimation tool.

Once it was apparent from this graph that the model was adequately estimating
the probability of success of groups of candidates, the coefficients from this model and
responses to the questions were then input into a Microsoft Excel® data sheet and Visual

Basic® was used to create a tool that OSOs and MOIs could use to estimate the
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probability of success for each candidate. By answering all the questions that the model
finds to be important to estimate the probability, the OSO or MOI receives an estimate of
the probability of graduation for each candidate. Thus, the OSO or MOI could compare
the candidate’s probability of success with historical probabilities of success and help

determine if he or she feels that the candidate is ready for OCS.

B. OFFICER CANDIDATE SCHOOL ATTRITION PREDICTION MODEL

The intent for the Officer Candidate School Attrition Prediction Model was for a
model that would provide an indication of the likely areas in which a candidate might
have difficulties at OCS and a way in which the OSO or MOI might better prepare the
candidates by indicating the areas in which the candidate could best improve his or her
probability of success at OCS (Statement of Work, 16 October 2001). This same desktop
tool meets the requirements for the second tool, as well. Once the OSO or MOI has
entered the responses to the twenty questions that are required, he or she may then
change any of the question responses to see how the candidate’s probability of success
would change with those new responses. Coefficients from the responses appear on the
“Model” page of the spreadsheet. The larger each coefficient and, thus, the sum of the
coefficients, the higher the probability of graduation is. Those responses that have the
highest coefficients will have the greatest impact upon the predicted probability of
graduation for a candidate. Each failure to answer a question will result in a comment
directing the person entering the data to fill in the blank. Such missing responses make

the model less accurate in predicting success for the candidate in question.

C. MODEL VALIDATION

Once it was determined that the model performed well with predicting success of
groups of officer candidates, the method for determining the predictive power of the
model was applied to the test set, C-179, an OCC company that completed OCS on
March 29, 2002, after all the other companies in the training set had completed OCS.
This data set had 287 candidates once those with missing values were removed. A

predicted probability of graduation was calculated for each candidate in the test set using
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the same GLM as for the training set. These probabilities were then sorted from lowest to
highest and then divided into ten sets with either 28 or 29 predictions in each. The means
of these predictions and the actual percentages of graduates in each group were

calculated and graphed against each other as indicated below:
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Figure 4.  Predicted Probability of Graduation vs. Graduation Rate for Test Set
The code generated in S-Plus® to do this is contained in Appendix E. As can be seen in
this graph, there is, again, a very high correlation between the predicted probability of
success and the actual percentage of success for the candidates. In other words, the
predicted probability of success of each group of candidates is very close to the actual
percentage of graduates in the group. Thus, the model does a very good job in predicting
success in candidates, validating the work done with the training set. This graph further
supports the assertion that this model is likely a good one for use in predicting success for

subsequent candidates. The correlation between the predicted probabilities and the actual
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percentages is 99.88%, clearly indicating success in predicting graduation percentages.
As in the previous table, the following table indicates the predicted probability of each
bin, the graduation rate for that bin, and the absolute value of the difference in the

predicted probability of graduation and actual graduation rate for that group.

Bin Prob(Grad) Pct(Grad) | Prob(Grad) — Pct(Grad) |
1 0.0000 0.0000 0.0000
2 0.0000 0.0000 0.0000
3 0.0532 0.0267 0.0266
4 0.1498 0.1534 0.0036
5 0.2426 0.2525 0.0099
6 0.3336 0.3360 0.0024
7 0.4323 0.4272 0.0051
8 0.5489 0.5480 0.0009
9 0.6593 0.6541 0.0053
10 0.8239 0.7846 0.0392

Table 2.  Comparison of Predicted Probability of Graduation (Prob(Grad)) with Actual
Graduation Rate (Pct(Grad)) for Bins in Test Set

The table above indicates that in no case does the predicted probability of graduation
differ from the actual graduation rate of a bin by more than 4%, and, even then, as with
the training set graph, the greatest difference in predicted probability of graduates and
actual percentage of graduates is at an extreme, which is to be expected. This confirms

that the model for predicting probability of graduation is valid for use.
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V. SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS

A. SUMMARY

It was originally thought that this survey and data set might allow for the
prediction of whether or not individuals would graduate from Marine Corps OCS. Even
removing the variability from commissioning source by doing analysis on only OCC
candidates did not prove any better than the naive model at predicting success or failure.
However, by doing logistic regression on the data, it was possible to produce a
generalized linear model that could be used to produce a value that estimates the
graduation rate for groups of candidates. This model has proven to be extremely robust in
both initial model building and in model testing done on a separate data set. The model
performed well on a test set, never being off by more than 4% from the actual graduation
rate. The correlation between the predicted probabilities and actual percentages was more
than 99% for the test set, indicating that this is a good model for providing an estimated

probability of graduation for groups of candidates at Marine Corps OCS.

B. CONCLUSIONS

It was more difficult to predict graduation for individuals from this data set than
originally expected. The survey does not contain the information needed to reduce
misclassification rates below the 27% naive model rate. However, the best model and the
analysis done on it indicate that, although it is not possible to predict whether or not an
individual candidate will graduate with accuracy, it is possible with a high level of
confidence to estimate the probability of success for groups of candidates attending

Marine Corps Officer Candidates School.

Additionally, it is apparent from the models created that the source of
commissioning is significant in estimating the probability of success of candidates at
Marine Corps OCS. In every classification tree created as well as most of the GLM’s, it

appears that commissioning source is important.
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C. RECOMMENDATIONS

Data management. The large number of errors from typographical errors greatly
increased the time required to process information for this study. Data appeared in
different formats, and much of the demographic data had been manually typed into the
Microsoft Access® database. This form of data entry resulted in hundreds of
typographical errors that required much time to correct. The building of a macro with a
pull-down menu including the main categories for each question would dramatically
reduce the number of errors of this type and likely markedly reduce the amount of time
required to enter the data, as well. Such a macro could, as well, have a category titled
“Other” that, when selected, would open another entry line that the person entering data

could use to manually enter categories not appearing in the pull-down menu.

Likewise, the survey is written in such a way that, in numerous questions, data is
artificially aggregated from the start. This makes analysis of the data more difficult
because those who write the survey may not know the correct way to aggregate the data
before anyone has taken the survey. Once the data is aggregated in this manner, it is often
impossible — or at least very difficult — to separate the data again. An example of this
artificial aggregation is in question 2, which asks the candidate’s age. Candidates could
select any of five ranges, each of which is at least two years in length. It would be better
if candidates could respond along a continuous range, which is not difficult to implement
with the proper scanning equipment. Another example of a question whose responses
should be separated is question 4, which asks the candidate’s commissioning source.
Certainly, given findings in this paper, the PLC candidates should be separated into their
separate groups (Junior, Senior, and Combined), and additional insight may be attained
through adding ECP and MCP as options in this question. This may show nothing
significant, but it will provide the ability to easily separate, notably for PLC Combined,

which has an attrition rate similar to that of OCC, not to those of other PLC classes.

Survey Modifications. Results from this study and from the literature review
indicate that Marine Corps Studies and Analysis Division may want to add a few
questions to this questionnaire in order to gain better insight into factors that may be
significant. Other questions may provide better results if they are modified in various
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ways. For example, the question regarding the classification of knee types (number 64)
should be re-worded so that answers follow an ascending scale from one extreme to

another.

Analyses of recruit training attrition conducted by Mobley and others indicate that
intentions, expectations and role attraction aided in predicting attrition of Marine recruits
from initial training (Mobley, Hand, Baker, and Meglino, 1978, p.22). Additional
research by Butler, Lardent, and Miner (1983) indicates that this was true for a group
training to become Army officers at West Point and at Army OCS. The survey in its
current form does not directly address these issues. Indirectly, questions 21 and 22 ask
the candidate’s level of preparedness for OCS’s mental challenges. Questions that
address candidates’ confidence of successfully completing OCS, successfully completing
their obligated service, and serving longer than their required service obligation, and their
general attitudes toward the Marine Corps and becoming Marine officers may help

predict attrition at OCS.

Feeder Questions. In some instances, the survey includes questions that act as
“feeders.” Several questions addressing an issue appear, and they are then summarized by
another question, such as with questions 21 and 22 that address the issue of mental
preparedness for OCS. In this example, it appears that question 22 feeds into question 21.
Addition of other feeder questions may allow summaries of several other questions and
may likely predict much of the variance from the many questions without using up many
degrees of freedom from so many questions. The feeder questions provide a means, as
well, to indicate several questions influencing the feeder, several of which may feed into
the “Grad.Y.N” variable in a Bayesian network or other statistical analysis technique. For
example, there are already a number of questions addressing the work-out habits of
candidates (numbers 23 through 39), and it may be useful to have a feeder question that

asks how prepared the candidate feels he or she is for the physical challenges of OCS.

PFT Scores. The study by North and Smith indicated the significance of PFT
scores in predicting the success of candidates, but no such data has been maintained in
the OCS demographic database. In order to further pursue whether or not the inventory

PFT score is a significant factor in predicting success of OCS candidates, this should be
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maintained in either the permanent demographic database or as a question in the survey

that asks the candidate to record his or her most recent PFT score.

Survey Composition. Although the survey is useful in its current form, there is
room for improvement in it. Many of the questions are not written as well or clearly as
they should. Although there is much debate as to the correct number of responses to use
in surveys, it appears that the consensus is between five and nine levels. Most studies
indicate that an odd number is better than an even number (O’Muircheartaigh, Krosnick,
and Helic, 2000). Anecdotally, many believe that questions in surveys should not be
written with only five possible responses because people tend not to favor the extremes in
surveys; they are not likely to give either the first or last response in questions when
those questions span two extremes. Consequently, the answers to the question tend to be
grouped fairly tightly in the center, effectively producing only three responses that the
survey participant is likely to answer rather than the five that the survey writer intends.
Thus, it is recommended that responses to the questions be changed so that, for
appropriate questions, each have seven responses according to Likert scaling, which will
likely spread out the responses to the questions and may help better differentiate between

groups of candidates.
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APPENDIX A: USMC OFFICER CANDIDATES SCHOOL
QUESTIONNAIREL

Di rections: OOThedSt udi esUdandOAnal ysi sODi vi si onOof 0t he
Mar i nelJCor psConbat ODevel opnment OConmandi sCconduct i ngdt hi s
survey. OThelOdat allcol | ect eddf r onildt hi sCOquesti onnai reldi sCf or [
anal yti cal Opur posesUonl y. OTheOconpanyUstaff Ow | | Onot Ohavel
accessUt oJanyUi ndi vi dual Danswer Osheet s, DandOyour Or esponses
wi | | Cbelkept O nlk heOstri ct est Uof Cconf i dence. O

O

Thelpur posellof [t hi sOsur veyUi st oJassi st Ui ni dent i fyi ng
t helcont ri buti nglf act or sCof Osuccessf ul Ocandi dat esUi nCor der [
tod hel pd O ficerd Sel ection Oficersd andd Marineld Oficer[
I nstructorsCjprepar ellcandi dat eslli nllt he(f ut ure. O

[

Answer [0 eachd questiond by fillingd inO thed “bubbl e”O
correspondi nglkt ok heCappr opri at eCnunber Conlk heanswer (sheet . [
ForOal | Oquestions, Opl easeldfill OinOonl yOonelOresponselper [
guestion. [

O

GENERAL [IDEMOGRAPHI CLISECTI ON: [I0Thi sOsecti onCwi | | Oat t enpt O
t o capturel your O general O background i nformation. d O Thi s
informati onOw | | ObeJuseddt olJdet er m nelJhowbest Ot o0t ai | or O
pr e- OCS[h r ai ni ngt ot hebackgr oundof [t hellcandi dat e. [

O

1) M Cam O
a) [Mal eld
b) Femal e[

2) By Cagel s: [
a) 18- 210
b) 22- 240
c) 25-270
d) 28- 290
e) [bver (2900

3) W Oconsi der Onysel f: O
a) [Caucasi an[]
b) [Af ri canAneri canl]
c) [Hi spani cO
d) [Asi an[]
e) [ her O
O
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4) [Comm ssi oni ngOpr ogr am [
a) [OCCl
b) (PLCO
c) [ROTCU
d) [ her O

5) i dlyoullconelt o0OCSOunder Calwai ver ?[0

a) MNo[

b) [Yes, (lacadem c[wai ver [ GPA, OGT, EL[Iscore, [etc) O

c) Yes, O noral Owai ver O (novi ngd vi ol ati ons, Odrugs, Oarrest [
record, Cetc) O

d) [Yes, Ophysi cal Dwai ver [

e) [Yes, Omul ti pl eDwai ver s of Lonelki ndCor Oconbi ned) O
O
[

6) Wi chst at enent Obest Odescri besOt helOcl i mat eJi nOwhi chOyouO
t rai nedt oOpr epar elf or JOCS?[]

a) Werylcol di( t ypi cal | y[bel ow20CdegF) O
b) [Col dJ( 20- 400degF) O
c) (Moder at e[J( 40- 600degF) O
d) War n]( 60- 80UdegF) O
e) Wer y[(Mar nij 80+COdegF) O
[
7) [Choosellt helOgeogr aphi cal Or egi on[wher elyoulJpr epar edJf or OCSO
(i f0O youll canell fronmil outsideld CONUS, O choosell thell best [
approxi mati onlCbycl i mate): O
a) [Jout heast [( FL, OAL, OMS, OGA, USC, UNC, OTN, LG, UAR, TKY, VA, O
W, OVD, [DE) O

b) Mor t heast 0 NJ, OPA, ONY, OMA, OCT, ORI, ONH, CVT, OMVE) O

c) M dwest OOO( OH, O N, O L, OMO, O G, OMN, OW , KS, M , [JOK, ONE, O
ND, (OSD) [

d) MNor t hwest [ MO, CUT, O D, VWA, COR, WY, OCO) O

e) [Bout hwest [ TX, ONM 0AZ, [OCA, [NV) O
W

8) M nOwhi chOrangeldoesOyour Ocunul ati veJunder gr aduat e[1G adel]
Poi nt DAver agelf al | ?0
a) [¥2. 00
b) 2. 0-2. 50
c) 2. 6-3. 00
d) 3. 1- 3. 500
e) 3. 50

[

9) MollyoulhaveOanylpriorOm |itarylexperi ence?
a) MNoll
b) [Yes, [ essllt han[llyear [J
c) [Yes, 1- 40year s
d) [Yes, [5- 8[lyear s[J
e) [Yes, Onor e[t han(8[lyear s

O
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10) 0 HasOanyonelf r ontdyour Of am | yOever ObeenOalnmenber Dof Ot hel
Uni t ed[ISt at esOAr meddFor ces? 0]
a) Mo
b) Yes, Obut Onot Ui mredi atel yOfam | yO(grandparent, Ouncl e, O
etc)dd
c) [Yes, [ nmedi at e(f ami | y[ par ent sand/ or Osi bl i ngs) O
d) Yes[t o[b &l
O
11) O Whi chd descriptiond bestd matchesO your[ nost recent
j ob/ school OactivityOlevel,Opriordtodcom ngdtodCOficerd
Candi dat es[0School ?0
a) [BedentarydWor kO (MostlyOsittingOw thOsonelOwal ki ngldor [
st andi ngd suchl asl secretarial, d typing, O bookkeepi ng, O
st udent) 0O
b) i ght OWér kO( MuchOwal ki ng, Ost andi ng, Cor Ouseof Oar s Hand
handsOsuchOasOretai |l Osal es, Owai ter Jor Owai tress, JgasO
stationlatt endant) I
c) Medi umdWbr kO ( Frequent Ol i ftingOandOcarryi ngQupdt o250
pounds, O suchOasO all machi ni st, O bri ckl ayer, Ocar penter, [
cook) 1
d) HeavyOWor KO( Frequent Ol i ftingOor Ocar ryi ngOof 0250t o500
pounds, OsuchOasOj ackhamrer Ooper at or, Oyar ddOwor k, Of raned
carpenter, [pi pelfitter)Od
e) Wer yOHeavyOWor kO( Frequent Ol i f ti ngQor Ocar ryi ngdof Onor e
t han 500 pounds, O suchld as m ner, O | aborer, O furniturel
nover) [
O
12) O Chooselt helst at enent [t hat Obest Odescri besOyour [Ohi ghest [
| evel Oof Cparti ci pati onld nOor gani zedsports/athleti cs?0
a) MNonel]
b) M nt ranmur al Ot eans: OONon- var si t yor gani zedUspor t sOsuchas [
(i ncludi ngd conpetitivel activitiesO |ikeld basketball, O
f oot bal |, Cr unni ng, Cor Owei ght O i fting) O
c)inter-coll egiatelathletics{JV, Varsity, OC ubOsport)
O
13) 0 d assi fylyour Ogener al [body[t ype: [
a) [Ect onor phJ(t endency [t olbelk hi n) O
b) (Endonor phi t endency [t olbelf at) [
c) Mesonor phJ(t endency [t o[beluscul ar) [
d) [Conbi nat i onCal&c
e) [Conbi nat i onb&c
O
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GENERAL[] OCS[I PREPARATI ON: 0 O TheO i nformati on i nO t hi sO
sectionlseeksOtolidentifylinformati onJabout Oyour dgeneral O
prepar ati ondf or HOCSOandOt heOhel pOyoulmayOor Omay[not Ohave
recei vedl nlgetti nglr eady. U

O
14) O Whi chlst at enrent Obest Odescr i besOwhenOyoulwer enot i fi ed

of your Oaccept ancell o[JOCS?0

a) I Owashot i fi edd1- 20weekspri or [k ol eporti ngQd

b) I Dwaslnot i fi ed13- 40weeksOpri or [t ol eporti ngld

c) M CwasChot i fi edl- 2Chont hsOpri or [t olr eporti ng

d) I Dwashot i fi ed13-40mont hsOpri or [t o epor ti ngOd

e) I Owashot i fi ed5Uor Chor elhont hsOpri or [k ol eporti ngQd

O

15) 0 Di dyouldrecei velOm | i t aryli ssuellboot sCIf r omidyour OOSQO MO [
of ficelprior[tolreporting?l0
a) NollJ
b) Mo, O but 0 he/shel aidedd nel inl obtaining/purchasi ngld
mlitaryl ssuelboot sl
c) YesO
O
16) O Whi chOst at erent Obest Odescri besOwhenOyouOpur chasedOor [
recei vedlyour [boot s?]
a) WhenU Carri vedCat JOCS
b) - 20weeks[pri or [t olr epor ti ngt oJOCSH
c) 3- 4Cweekspri or [0t ol epor t i ngt oJOCS
d) At o40mont hsOpri or [t ol epor ti nglt oJOCSI
e) B0or Oror elimont hsOpri or [t olr epor ti nglt oJOCS[
O
17) O Whi chr esponsellbest Odescri besOt heli nf or mat i onOyoulnay [

havel recei vedld onld breaki ngO i nOJ your 0 bootsO priorQd tol

reportinglt oJOCS?[]

a) (D dOnot Chavelnyboot sCpri or [t ol epor t i ngt oJOCSLIO

b) Recei vedOnolld nf or mat i onOonCbr eaki ng nOmy Cboot s

c) MO wasO provi dedd i nstructionsdand/ ordtraini ngdfronmdal
sour celot her [t hant heJOSO' MJ [of f i cel

d) M Owaspr ovi dedld nstructi onsf r onit hedJOSO MJ [of fi cell

e) M Owasprovi dedd handsOonOtrai ni ngdand/ or Oi nstructi ond
fronit heJOSO MO [of fi celd

O
18) O Descri bellt hellcondi t i onlof Cyour Cboot sCpri or Ot oOar ri vi ngd

at JOCS? 0
a) Not Clappl i cabl e
b) MNot [br okenl nCat Cal | O
c) Br okenli nsonel]
d) el | Oor okenli n
O
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19) O Whi chOresponsellbest Odescri beslyour Daccesst ot hedOCSO
websi t edJandOyour OusageOof Oi t Of or Oi nf or mat i onOont heJOCSO
progranf(]

a) I Odi dCnot Cknowt heOweb[Dsi t elexi st edd

b) I Dknewtlt heOwebOsi t elJexi st edObut Ol Ochoselnot Ot oJaccess(]
itQd

c) I Oknewt heCwebsi t elJexi st edJandOl OwasOunabl et olJaccess
itO

d)Yes, O 10 visitedd thed site,d butl referredd tol thel
site/informationl nfrequentlyl

e)Yes, O 10 visitedd thed site, 0 andd referredd told thel
site/informationlfrequentlyld
O

20) 0 D dlyoulT ol | owt heldt r ai ni ngOpr ogr anipr ovi dedOon[t he JOCS[

websi t e?]

a) No, Ol Chever sawtt hel nf or mat i onCon[t he[websi t el]

b) MNo, Ol Ochoselnot Ot olIf ol | owtdt helt r ai ni ngUpr ogr antlont he[d
websi t el]

c) I 0fol I oweddt heOt rai ni ngprograntdi nOpartsObut Onot Ui nO
ot hers[

d) I [f ol | owedCt helk rai ni ngCpr ogr aniw t hCsoneOnodi fi cati onsO

e)lOfoll owedOthedtraini nglprogranitoldthelbest dof Oy
abilitieslO
O

21) 0 OnOalscal edof 010t o5, Owi t hOO1Obei nglt ot al | yOunpr epar edd
t o0050bei nglnost Opr epar ed, Ohowlr eadyOdoOyoullf eel Of or Ot he
ment al Ochal | engesU(stress, chaos, Duncertainty, Oetc. ) Oof O
t heJOCS[envi r onment ?00J
a) 10
b) 20
c) 30O
d) 40
e) B0

O

22) 0 OnUaOscal eUof D10t o5, Owi t hJ10r epr esent i ngOnot hi ngOt o050
bei ngdt helnost [possi bl e, Or at edhownuchOdi dOyour 0OSOQ MO [
dolt oOpr epar ellyoulf or [t heOment al Cchal | engesof 0OCS?0
a) 10
b) 20O
c) B0
d) 40
e) B0

O
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PHYSI CALOTRAI NI NGOSECTI ON: 0OThi sOsect i onli sCOdevot edt o[J
cl assi fyi nglt heOki ndOof Ophysi cal Ot rai ni nglyoulldi dO0t odget O
r eady f or 0CCS. [
O
23) 0 Choosell helist at enent [t hat [best [descri beslyour (degr eellof [
physi cal Oacti vi ty, Owhet her Ovocat i onal Cor Cel ecti ve, OasOi t O
rel at est oyour Ogener al Of i t nessObef or elbei nglnoti fi edlof O
your [accept ancellt oJOCS: [J
a)[Rarelyd i fO everd exerci sedd or[J engagedl i nOJ physi cal [
activityld
b) [@ccasi onal Ophysi cal Cacti vityO
c) MnOdecent Oshapel but O coul diJdold nor el] (exer ci seldand/ or [
sportsiw t hsonelf requency) [
d) M nOgoodshapel regul ar, Ost ruct ur edCt r ai ni ngOpr ogr an) O
e) M nOgr eat Oshapel col | egi ate(at hl eti cO evel Oof [Ifi t ness) [
O
24) 0 Di dlyoulkconsi stent | y[ rai nasOpar t Cof Calgr oup(f or mal | y[I
or 0 nformal | 'y) 2000
a) I 0Odi dCnot [k r ai nOconsi st ent | y[i nCalgr oupUor Con Oy Down
b) M [k r ai nedChost | 'y CDonOmy Cown[d
c) Mt rai neddnost | y[w t hOanO nf or mal Ogr oupd(fri ends, Cetc) O
d) M Ot rai nedOnost | yOwi t hOaOf or mal Ogr oupd( NROTC, OSSO MA, [
Senper OFi OC ub, Cetc. ) U
O
25) 0 HowdmanyOnont hsOprior Ot oreporti ngddi dd0youldcomrencell
physi cal [t rai ni ngli nOpr epar at i onf or JOCS?[
a) MNonell
b) Mess[t hanOalihont h{I
c) - 20nont hsO
d) [2- 30nont hsO
e) or et han130nont hs
O
26) 0 Howd of t enl di dJ youl exerci sed or O pl ay sportsO (for O all
dur ati onOof 0150m nut esOor Onor e), Ui nOt heOnont hOpri or Ot o0
reportinglt oJOCS?[]
a) Nollexer ci sel]
b) [Oncelor [t wi ceCalweek [
c) Thr eelor OOf our [t i mesCper Cweek [
d) Fi velor [Isi xUt i mesper Cweek OO0
e) [Dai | yO
[
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27) O Chooselt helst at enent [t hat Obest Jdescri besOt helt ypeOof [
r unni ngOor [ oggi nglyouldi d nCpr epar at i onf or JOCS: [
a) MNonell
b) [@ccasi onal Osl owlr uns{ r antOnoOnor et hanUonceCalweek, [12- 30
m | esCat (ki me, 0100m nut elalm | elor Osl ower Cpace) [
c) [Regul ar Oruns, Oof Onoder at elddi st ance, Oand/ or Deasylpacel
(ran2- 3 i mesUalweek, (2-40m | esCat Oallt i me, 8- 100m nut e[
alm | epace) O
d) [Fr equent Or unni ng, Owi t hOsoner unsUof Onor et hanOnoder at el
di st ance, Oand/ or [If ast er [0t hanCeasypacel ran(d3- 5[t i mesCall
week, 03- 600m | esUat [t i me, 7- 90m nut eCalim | e(jpace) O
e) Racell rai ni ngQd
O
28) O Onlaver age, howmany Om | esCOper Cweek Odi dCyoulr unCor [ og, O
i N0t heOnont hOpri or [t or epor ti nglt oJOCS?0
a) None[
b) Mess[t han6]
c) Bt o120
d) @2 o[2000
e) Bor et han1200
O
29) O Esti mat ellyour Ousual Cpacewhi | elr unni ngDor [ oggi ng?0
a) 0 Canminot Osur eOwhat Oy Cpaceld sU
b) MVor e[ hanCall100m nut eOm | e[pacel
c) Bet weenCal[8: 300and100m nut edmi | e[
d) Bet weenCall7Cand38: 300 nut elim | e
e) Messt hanCald70Om nut el | e
O
30) 0 Prior Ot oreportingdt o0OCS, Dhowmany OdaysOper OweekOdi d
youll dolJ resistancell trainingd (i.e.,Od freeld weights, O
uni versal , Onaut i | us, OpushupsUandOpul | - ups, Cetc. ) 200
a) Nollexer ci sel]
b) [Oncelor [t wi ceCalweek [
c) (Thr eelor OOf our [t i mesCper Cweek [
d) Fi veUor Unor e[t i mesUper Dweek
O
31) 0 Descri belt hedur at i onCof [t hese[wor kout s: [
a) Not Clappl i cabl e
b) Mless[t han1150m nut esl]
c) [15- 300m nut es]
d) 31- 450m nut es
e) Mor et han[A50m nut es
O
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32) 0 Chooselt helst at enent [t hat Obest Jdescri best helt ypeOof [
hi ki nglor Or oadOar chi nglyouldi di nCpr epar at i onf or [OCS: [
a) MNonell
b) [AOcoupl elof Ol ongOwal ksUi nlnon-i ssueslshoes/ boot sOOw t h{J
I i ght Cor Cholgear O
c) [AOf ewnoder at edpacedd( easyOwal ki nglspeed) Oshort Ohi kesO
(3-60mles)dw thOlightOtodnoderateldl oadd(20-3501 bs) O
wi t hClconbat [boot sUJ
d) [ALF ewhi kes[but Cei t her O onger [ >60m | es), [and/ or [If ast er [
(fast/speeddwal ki ngd pace), O and/ or O heavi er 01 oadO ( 35+0
| bs) O
e) [AUr eqgul ar Uhi ket r ai ni ngUOpl anOwi t hUi ncr easi ngldi st ance, O
| oadand/ or Cpacelonalweekl y[basi s
[
33) O Howlmany[mi | es[per DweekOdi dOyoulhi kel n(t heChont hOpri or O
t ol eporti nglkt o[JOCS?[]
a) MNone(]
b) Mless[t han(bO
c) Bt o100
d) A1kt o150
e) Mor et han150
[
34) O HowmanyUhi kesOdi dO0youldconduct Opri or Ot oreporti ngOt o
ocs?d
a) MNonel
b) 1- 20
c) 3-40
d) B3- 60
e) [7Cor Oror e
O
35) O Wi | e[hi ki ng, Odi dlyoullcar r yall oadedpack?[
a) I Odi dCnot Uhi kel nCpr epar at i onf or OOCS[
b) 0 Thi ked[but Cdi dOnot Ocar r yOdall oadedOpack[
c) [Yes, [t heOpackDwei ghed ess[t han[200pounds 0
d) [Yes, [0t heOpackDwei ghedlbet ween[200and1B350pounds[]
e) Yes, [0t hepackDwei ghednor e[t han[135Cpounds (]
W
O
O
36) [0 Howlf requent | yOdi dyoulcr oss-trai nlJ( doUanot her [if or nidof [
trai ni ngdl i keOswi mm ng, Obi ki ng, Oaerobics, Onmartial Darts, O
etc.)?0
a) (D dOnot Ccr oss-trai nd
b) [Oncellor [t wi cealweek ]
c) [Thr eellor [f our [0t i mesOper Cweek O
d) Fi veUor Onor e[t i mesOper Dweek OO0
O
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37) O Chooselt helst at enent [t hat [best [descri best hef ocusof [
your JOCSCpr epar ati onCt rai ni nglti me: O
a) (Runni ngd
b) [$t rengt hIt r ai ni ng
c) H ki ngOd
d) [Cr oss-trai ni ng
e) [Conbi nat i on[of [t heCabovel
O
38) OO I nOyour Ot rai ni nglprepar ati ondf or JOCSOdi dyoullstret chll
your Omuscl esCpri or [t ollexer ci si ng?0
a) [I Odi dCnot Cexer ci sedd
b) Mol
c) Yes, Osonet i nesl]
d) [Yes, Onost Cof [t helt i neld
e) [Yes, Uevery[ti me[
O
39) O I nOyour Ot rai ni nglprepar ati ontdf or 1OCSOdi dlyoullstret chl
your Orruscl esCaf t er Cexer ci si ng?0
a) [I Odi dnot Cexer ci sel]
b) Mol
c) [Yes, Osomnet i mesd
d) [Yes, Onost Cof [t helt i me 0
e) Yes, Uevery[ti me[d
O
HEALTH LI FESTYLEO SECTION: O 0O ThisO sectionl gathersd
i nformati onOonCyour Ol i f estyl efJandlheal t hOhabi t s. O0ORenenber, O
nonelof Ot hi sOi nformati onOw | | Obelr eveal edJt ot heOt rai ni ngQd
staffd ord evenld rel atedd t o yould asld anld i ndi vi dual . 00 O The[d
i nformati onOwi | | belusedstrictl yf or Oalstati stical Oanal ysi s
of [t heJOCS[candi dat e[Jpopul ati on.

40) O Wi chlist at enent [best [descri beslyour Csnoki ngthabi t s? 0
a) [ Chavelnever snmoked
b) M Oqui t Osnoki ngUnor et hanCalyear Cago 0
c) M Oqui t Osnoki ngl nt heOpast Oyear LA
d) I Ocurrent | ysnokel ess[t hanOaljpackper Cday ]
e) M Ccurrent | yOsnokeOnmor et hanCalCpackCper Cday [
O
41) O Whi chOst at enent Obest Odescri besOyour DuseUof Osnokel essU
t obaccoll chew ng, Odi ppi nglor Cpi nchi ng) ?1
a) [l Chavelnever Ousedsnokel ess[t obaccol]
b) M Cusedsnokel esst obaccoll nlt hel[Jpast Cbut Uqui t OO0
c)@Ocurrentl ydJuseldsnokel esslt obaccoli nfrequent| yl(l ess
t handai | y) OO0
d) M Ccurrent | yOuselsnokel esslt obaccolall- 500t i meslCdai |y
e) M Ccurrent ! y[useOsnokel esslt obaccolnor el han5Ct i mesper [
day[
O
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42) 0 Wi chlist at enent [best [descri beslyour [al cohol Cconsunpt i on[d
habi t sCdur i nglt hed ast Cyear ?000
a) [l OdoOnot Odr i nkal cohol Cat Cal | O
b) @ Cconsunelbet weenM1Uand50al cohol i cObever agesalweek [
c) M Oconsunelbet weenl6and110Cal cohol i cObever ages[Halweek OO
d) I Cconsunelbet ween11Cand[20Cbever ages Halweek OO0
e) 0l Oconsunelmor e[t han[200al cohol i cbever agesalweek[
O
43) O Whi chlist at enent [best [descri beslyour [al cohol Cconsunpt i on[d
habi t sCOdur i nglt he ast Cyear ?000
a) [l OdoOnot Odr i nkal cohol Cat Cal | O
b) M Odr i nkObeer Cor Wi neldcool er stnost | yO
c) M Odri nkOwm nelnost |y
d) M Odri nkOm xedOdr i nksChost |y
e) I Odri nk i quor Onost | y[I
O
44) [0 What [0 st at enent [ best [l descri besyourJuselof dil |l egal, [
recreational O drugsl (marijuana, 0 cocaine, d heroin, O LSD, O
ecstasy, [etc. ) 0 nlt he(Jpast [year ?0
a) I Odi dnot Cusel | | egal Odrugs
b) 0 COexperi ment edCwi t h | | egal Odrugs
c) M Cusedd | | egal Odr ugsCoccasi onal | y[I
d) M Cusedd | | egal Cdrugsf requent | yO
O
45) 0 WhenD wasl thel lastO timed youl usedd anO illegal, O
recreational Odrug?0
a) Wt hi n(dt hed ast [(900daysU
b) Thel ast [11800days[]
c) [The ast Oyear [
d) - 50year sCago
e) MNever [
O
46) O | f OyouOusedOi I | egal Odr ugs, Owhat Oki ndOof Odr ugddi dOyould
uselprimarily?0
a) D dOnot Cuselldr ugsO
b) Vari j uanall
c)[Pillsuppers, Odowners, [speed, Cet c) O
d) [Cocai ne, Ccr ack, Cher oi n, Dopi unil
e) [LSD, OPCP, [ecst asyll
O
47) 0 Duringd thed pastO year,d havel youl takenO vitam n[
suppl enent sCw t hanyOr egul ari ty?0
a) MNoll
b) [Yes, [but [nhot [Oconsi stent | y[
c) Yes, Oreqgul arl yO (1Ot o040t i mesOper Oweek, Onost Oof Ot he
year) [
d) Yes, Odai | y[O 50or Onor el | nesalweek) [
O
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48) O I nk hell ast [iyear, [havellyoult akenlcal ci unilSuppl enent s?0]
a) Mo
b) [Yes, [but [hot [lconsi stent | y[I
c) Yes, Oreqgul arl yO (1Ot o040t i mesOper Oweek, Onost Oof Ot hel
year) [
d) [Yes, Odai | yO 50or Ohor el i mesCalweek) O
O

49)0 In0O thed lastd year,d haveld youd taken nutritional O
suppl ementsotherdthanOvitam ns (i.e. O protei nddrinks, O
ener gyOsuppl enent s, Ccr eat i ne, Owei ght Ogai ni ngOsuppl enment s, O
etc.)?000
a) Mo
b) [Yes, [but [hot [consi stent | y[I
c) Yes, Oreqgul arl yO (1Ot o040t i mesOper Oweek, Onost Oof Ot hel

year) [
d) Yes, Odai | y[O 50or Onor el | mesalweek) [
O

50) 0 D dO youl ant i ci pat el] bei ngd abl el t o0 usel vi tam n andO
nutritional Osuppl ement sOdur i ngUOCSLE r ai ni ng?0
a) MNoll]
b) [Yes[

[

VEDI CALOHI STORYOSECTI ON: OOThi sOsect i onasksOi npor t ant [
guest i onsabout Oyour Omedi cal Uhi st or yandOyour [body. OCOAnswer [
wi t h(Iconf i dencelJasinoneof [0t hi sUi nformati onCwi | | Cbelr eveal ed
todtheOtrainingOstaff. O00ItOwi llOstrictlydbeld usedd for[
stati stical Opur poses. [

O
51) 0 HavelyouOsust ai neddanOi nj ur yOor Oacci dent Ot hat Ocausedd

yoult om ss[t woldays [of [Ilschool / wor kOor Chor el nt hepast : [
a) @0days[]

b) 1800days[]

c) year O

d) - 50year s

e) MNever [

O

52) 0 HavellyoulhadOnaj or Osur ger y[i nt heOpast : [
a) @0ldays [0
b) 1800days ]
c) year [
d) - 50year s
e) MNever [
tl
53) 0 Havellyoullbeenlhospitali zedOover ni ght O n(k heljpast : [
a) @0days[
b) M800days [
c) year
d) - 50year s
e) MNever [
D
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54) 0 Havellyoulsust ai nedCanlexer ci seldor (sportsCiel at ed nj uryll
t hat [ caused[ youll t o decr easel] or [ qui t O
exercise/training/practicingdfordalweekOor Onoreli nt hel
past:

a) @0ldays[I]
b) M800days [
c) year O
d) 1- 50year s
e) MNever [

W

55) 0 Havel youl beendtreat edd or Osought OcaredforOJal nmental O
heal t hOpr obl entd nlkt helpast : O
a) @0ldays[I]

b) M800days [
c) year
d) - 50year s
e) Never [

[

56) O Wher eQyouUsi ckUi nOt heJOt wolCweeksOpr i or Ot oOr epor ti ngt o
ocs?d
a) [3i ckt heOwhol et i med-Oseverelbronchitis, Of |l u, Cet c. OO
b) [Si ck[f or Caldcoupl elof days[} [col d, Ccough, [f ever, Cet c. [

c) [HadCalm nor Oai | ment [+ Om | dCcol d, Cal | er gy, Cetc. O
d) MNo[hai | ment s(Cheal t hyd
[

57) O Choosellt hellbest (st at enent Owi t h(r egar dst olyour Cheal t hO
i nsurancel nlt heOpast Lyear : [

a) (D dOnot Ohavellheal t h{i nsur ancell- Owasdeni edcar elor Cdi d[
not [seeklcar e[becausellof [ t [

b) D dnot Uhavelheal t h(d nsur ancel} ChadOnolpr obl ens

c) WasO coveredld (whether through mlitary,O parents,
enpl oyer, CHMO, Cet c. ) O
W

58) 0 Howlwoul dlyoullkl assi f yOyour [of eet 20
a) [Fl at O
b) MNor mal O
c) Hi ghOar ch
d) I Odon’ t Cknow]
O
59) 0 Dollyoullpr onat ellor Osupi nat e?[]
a) [Pr onat e[J( sol elof [t he[f oot [if aces at eral | y, [t ur nsOout ) [
b) MNeut r al [
c) (Bupi nat e[ sol ellof [t helf oot [if acesCinedi al | y, [t ur nsCi n) [
d) M Odon’ t Cknow]
[
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60) 0 Dol yould wear [J ort hoti csl (archld support, 0 shoell i nsert, [
etc.)?0
a) No, Onever [hadCany[r easonlt o[
b) Mo, Cal t houghUl Thavelbeen(r ef err edt oluselt hent]
c) Yes, [l t houghOl Ohavelhnever [beenlr ef er r edt o[luselt hent]
d) [Yes, Ol OwasCr ef er r edt oCuselt hent]
O
61) O Descri belt hel ypellof Oshoeslyoulwear [t helhost ?[
a) Sneaker s/ runni ngld shoes (t hel sanel shoes | O run/trai n
with)O
b) Bneaker s/ runni ngll shoesl] (differentd shoesd thanO |0
run/trainbw th) O
c) [Mubber - sol edshoes nor mal [Cmal ki ngldshoes, [hot at hl eti c
shoes) [
d) [Leat her - sol ed0shoes[]( dr essIshoes) [
e) [Boot s
O
62) 0 Whenlldi dOyoulnost Or ecent | yOhaveOalf oot / ankl e/ | ower - | egd
probl entlt hat Ocausedyoult ol i m t CanyOdai | yOacti vi ti es?
a) I havelUonenow]
b) M nt heOpast Chont h(
c) - 30nhont hsagol
d) vor et hanB30nmont hsOagoU
e) Never [
[
63) 0 Choosellt helr esponselt hat Onost Caccur at el y(descri beslCyour [
nost [r ecent [0f oot/ ankl e/ | ower -1 egUpr obl em [
a) [Not Cappl i cabl eld
b) (Hot Ospot s, Hacti velor Cheal i nglbl i sters, Cetc. O
c) [@ her [Of oot Opai nJ(arches, OstressOfracture, Osorellheel , O
Achi | | eslt endonpai n, (et c) U
d) (Twi st ed/ spr ai ned/ sor e/ weakllankl e(s) O
e) [Bhi nOspl i nt, Ocal f Osprai n, O ower - | egfpai nO
O
64) 0 Howldollyoulkl assi f ylyour [kneel[lt ype?U
a) [Defi ni t el yIKnockkneedJ knees[Jjpoi nt [i n)
b) Mef i ni t el y[IBow egged]
c) MNor mal O
d) 3l i ght| ylknock[kneed[
e) 3l i ght | yBowl eggedJ knees[Jjpoi nt Cout ) [
[
65) 0 WhenOdi dO0youldnost Orecent | yOhaveOaldkneelpr obl enilt hat O
causedlyouldt o i m t Canydai | yOacti vi ti es?
a) I ChavelonelnowI]
b) M nt heOpast Chont h(
c) 1- 30nont hsCagol
d) Mor et han[B30ront hsCagoO
e) MNever O
[
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66) [0 WhenOdi dd0youlnost Orecent | yddhavelOaldbackOpr obl entlt hat [
causedyouldt o i m t CanyOdai | yOacti vi ti es?0
a) [ Chavelonelnow ]
b) M nlt heOpast Oront h(J
c) [1- 30nmont hsCagold
d) Mor et han330ront hsCago
e) MNever [
O
67) 0 Whenldi dlyoulnost [r ecent | y[havellaldshoul der Cpr obl entlt hat [
causedyouldt o i m t CanyOdai | yOacti vi ti es?O
a) [l Chavelonelnow(]
b) M nlt heOpast Oront h(J
c) [1- 30nmont hsagoll
d) Mor et han330ont hsCago
e) MNever [
O
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APPENDIX B: MICROSOFT EXCEL® SPREADSHEET EXAMPLE

The following screen shot provides an example of the first sheet in the Microsoft
Excel® spreadsheet. In this sheet, an OSO, MOI, or candidate may enter responses to the

twenty questions determined to be most important by the model.

icrosoft Excel - Thesis Probability Worksheet.xls - ﬂﬂ
J File Edit Yiew Insert Format Tools Data Window Simulste Help Acrobat -ﬂﬂ
DdE8Y | RS o-o- @ £ % M@ 7w -0 -|B $ %A 2B
- =| DrugUse
A [BfefoJ el F [ & [ H [ 1T [ J T K [ L T ™ [ w [ o [ F [ @ [ & [ & ] T T
Using the Logistic Regression Model: =
Cioetf
Inkercept GI29: Enter your pz

0OCS Class | OGS Class Code ,l 1] 1 am not sure wh

2. Mare than 10m

|1
|2
| 3|
|+
& |
| B |@23=zcore| PhysicalFitness I 023 General Physical Fitness before no'j 3.] Between 3:30 3
L7 4] Between 7:00 2
| 8 |Q21score | MentalPrep I @21: How prepared do you feel for the m‘d 5] Less than 700
| 3 0OC5 Class Code
| 10 |Giscore | Gender I 01: Gender J 1) MECEF @%: Do you have
| 1| ZINROTC 1) Mo,
| 12 | QEE seore| BackProblems I 68: W hen didyou have a back problem j 3)0cc 2.)es; lezs than ¢
e 4] PLC Jr 3.)Mes; 1to 4 year:
14 |29 zcare RunningPace n . . R PLC Sr 4] %es; Bta B year
E 3 | Q28; Enter v our pace while mnning o jogj S.% FLC Combined 5} es: more lghan
| 16 |@3score | PricrMil I 09 Doyou have any prior militany esxperi j
| 17 | [23: General Physical Fitness before notified of OCS acceptance. G2: My age is:
| 18 |Q2score | Age I 02 My age i j 1) Riarely ever exnercised or engaged in physical activity. 1182l
| 13 2.] Deeasional physical activity 2122t 24
| 20 | G356 score| RecentSick I 37 Had a minor ailment: minar cold, aller j 3] In decent shape but could do more. 312507
| 21 | 4.]In good shape (reqular, structured training program). 428029
| 22 | (43 score| Alcohallse I 043 W hich statement best des cribes ycj 5.) Ingreat shape (collegiate level of physical fitness). 5.) ower 29
23
| 24 | Q58 score| FestClassify I 2.1 High arch j @21: How prepared do you feel For the mental challenges of OC57 I56: were you si
| 25 | 1] Wery unprepared 1] Sick the whale
| 26 | 334 score| MumberHikes I 231tz j 2] Someyhat unprepared 2. Sick For a couy
| 27 | 3] Mo strang opinion 3. Had aminar ai
| 28 |332 score| TypeHikes I 23 A couple long waks in nonis e sho-j 4] Someyhat prepared 4.) Mo ailments -
| 23 | 5. Yery prepared
| 30 | Q40 seore| SmokingHabits Q43 Which statel
| 31 G1: Gender 1)1 dex st drink.
| 32 | G52 seore| MajorSurgery I 052; How long has it been singe you hacj 1] Male 2.] | drink. beer ar
| 33 2.] Fernale 3. drink wine mio:
|34 | G46 scoreDrugse H 046 If you used illegal drugs, whatkind - 4. | drink. mized d
| 35 | GIEE: When did you have a back problem that caused you to limit any daily activities? 6.] | drink. liquar me
| 38 | 310 seore | Familyhgil I 10: Has anyone from your family been < 7] 1] have one now.
| 37 2. Inthe past maonth Q58 How would
| 3% |3@3score | Race I 03: | consider mys eff of race: j 310 3 months ago. 1. Flat
| 39 4.] Mare than 3 manths ago. 2.] Mormal
| 40 | QM score | Whenhlotified I 214 How long before your OCS of ass uusj 5.] Mewer. 3. High arch
| 4 4]l don'tknow
| 42 | Q54 zcore | Injuries I 1990 davs j
=
| et
¥ 131, Questions { Watel 7 1
JD[awv[}Gj Autshapes » N, w [ O 4 |&.£.A.E E.e,
Ready [ ] ] S ] e

S-PLUS - Com... | & 5-PLUS Langu...l =] H:'(CIasses'LTh.‘.l thesis 3-16-0..,, |

dsn| [ AB D DO |

Mchieil Thesis...”@Microsoft Ex.. |‘$'$’5 2:59 PM
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The spreadsheet calculates coefficients based upon the responses to each of the
questions that were input on the previous page. These coefficients indicated in blocks
L11 to L50 are then added together to provide a logit in block L51. This number is then
used to calculate a probability of graduation, which appears in block L52.

osoft Excel - Thesis Probal

J@ File Edit Wiew Insert Format Tools Data Window Simulate Help Acrobat

¥ Worksheek.xls

DEE(Egy B vo-c- @z 63 @E 7~ -0 - B = | o e Gl A
W7 | =]
T J [ K [ L [ ™ mo [ o [ r [ a [ R [ s [ 7T [ uw [ v [ ¥ [ w [ v [ =z | an |
|| Use Tatal Alue  Fesponse from Survey
n Intercept -4 266138 -4 265138
[ | HROTC 0GMTES | -DIGTE 1 1 MECEP
| & | oce 1065433
| # | FLCC 1317243
| 5 | PLCJ 0OFTTAON
1 FLC S 0.2E2E648
|7 | 623 03364748 0.67235 z 2] Oceasional physical activity
| = | o2 0.2ME707| 0866283 4 4] Somevhat prepared
L:] al -0 6520667 -0 582066 1 1) Male
| 20 | Q66 01927601 0963641 5 5] Never.
| 21 | 029 02740856 1096342 4 4] Between T:00 and 8:30 per mile.
| 22 | Q3 03152729 7777 Q @3: Do you have any prior military esperience?
[ 23| G2 03497 7292 [=} G2: My age is:
| 24 | LISE 0.2021979) 0624694 2 2] Had a minor ailment: minor cold, allergy, ete.
| 25 | G4IE 05206985 HUH? =} @43 Which statement best describes your aleohol consumption habits during the last year?
| 28 | 0430 05223636
a7 430 02002182
| 2 | 043E 05530485
2 OEE 03176197 0084248 3 2] High arch
| 30| 058 003424833
EN 0580 0.976747
| 22 | Q52E 1043208
| 33| o34 DZHMN 046225 z BIEH
| 34 | 032 01970541 0394108 2 2] A couple long walks in nan-issus shaesibaots with ight ar no gear,
| 35 | G40 DIZSEEIT 0123862 1 1)1 have never smoked.
3 052 01721863 7797 [=} G52 How long has it been since you had majar surgeryin the past?
[37 | G466 01523593 HUH? =} G4 I you uzed illegal diugs, what kind of drug did you use primarily?
| 32 | WEC -121370%
[ 29 | G460 1194333
| 40| QEE 0.2348467
N Qe -0.2003606 | HUH? [=} G10: Has anyone from your Family been amember of the LS. Ammed Forces?
[ 42| Qi -0AITETSG
| 42 | [eie] 01395108
[ | GIE 0012377
| 45 | G3E -0.2927886 | HUH? =} @3: | consider myself of race:
| 46 | [T 04333832
47 30 0.3677701 I 1
| 48 | gz E 05475515 T
| 42| a 009275921 7292 [=} GH: How long before your DTS class were you natified of acceptance to OCS?
| 50 | 054 006653674 0.066539 1 1] 90 days
| 51 | Lagit -0.99840F
| 52 | Prob{Grad) | 0.26926 =
4[4[ [#ifs, Guestions 3, Model / I»II_I

Draw - %

Autoshapes - ™~ w [ O 4‘

> L-A-==ERE.

Readly

astart”J Gl 2 ) SO |

|

1 o o ] o o

- -Com,., -| angu... | - [\Classes\Th...| B Esis 9-16-0... Ml E5iS Microsoft Ex... TR 5:02 PM
PLUS - C & S-pLUSL = Hi\ClassesiTh...| B thesis 9-16-0 Mchieil Th = ft LR )
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APPENDIX C: S-PLUS® CODE USED TO GENERATE
PROBABILITY PLOTS

function()U

{O

#[Const ruct [probabi I i tylesti mat es. [

#Oal | . numeric. gl mforwardl sCOallgeneral i zedd i neari zedOrodel O
#t hat DwasUcr eat edCandUst or edli n[IS- Pl usbasedOuponUatd
#parti cul ar Odat aldset . O

O

pred. nuneric. gl mk- Cpredict(all.nuneric.glmforward, [t ypel=01
O O "response")d #0

#0

#[Di vi delJpredi cti onsli nt o[R7[categories. Start [byllsetti nglupl
#[t hellcat egori es' [boundari es]

#0

boundari es(k- Oquanti | e(pred. nuneric. gl m Oc(seq(0, 01, O engt hJ
O W [(=[R7))) 0

cat egori es[k- [lcut (pred. nuneric. gl m Cboundaries)d #0O

#0

#[Conput e[ t hi n- gr oupOpr oporti ons(]

#0

propsik- [t appl y(pred. nuneric. gl m Ocat egori es, Ohean) 0 #0

#0

#[Conput eldm d- poi nt sCof Ceachlgr oup. [

#0

m dk- [ boundari es[ - 1] (k[boundari es[ [F O engt h( boundaries)])/ O
O O 20  #0O

#0

#[Dr awlpi ct ur e, OaddO i ne

#0

pl ot (m d, Oprops) O

abline(0, )0 #0O

#0

#[Conput e[lcorrel ati onld

#0

cor(md, Oprops) O

O

O
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