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Abstract

Officer retention has been a longstanding problem for Air Force leadership. Both intu-

ition and previous research suggest economic and demographic factors play important

roles in an officers decision to separate from service. Leading economic indicators are

nationally reported statistics that tend to be predictive of where the economy is head-

ing. This work targets the research gap of how leading economic indicators explain

and predict attrition. Due to the noisy, complex nature of the data, the model had

varied success in accurately predicting future attrition rates. As a result of this re-

search, the current models can incorporate these findings to become more targeted

and precise. Leadership who make key decisions regarding critically-manned career

fields, career-specific retention bonuses, force shaping, consolidation measures, etc.

will have higher-quality, better scoped results.
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MODELING AIR FORCE RETENTION WITH MACROECONOMIC

INDICATORS

I. Introduction

1.1 Background and Problem

The United States Air Force has been battling the challenge of shaping the size and

strength of its personnel since its inception in 1947. As an all-volunteer force, the Air

Force must maintain the health and readiness of its force to be fully mission-capable,

while also balancing the ebb and flow of the accession, promotion, separation, and

retirement cycles for its officer corps. Upon accession, every officer incurs an Active

Duty Service Commitment (ADSC) of between four to five years depending on the

commissioning source. The structure of the officer workforce is comprised of Air

Force Specialty Codes (AFSCs), which define specialties, particular skill sets, and

experiences throughout an officer’s career path. Furthermore, more specialized career

fields, such as Pilot or Doctor, require additional years of service commitment for the

longer training and financial investment.

Headquarters Air Force (HAF) oversees the entire process of officer recruitment,

training, development, and career progression, using sustainment models as a key

tool. Their current sustainment models seek to manage each specific AFSC’s health

and readiness based on commissioned year groups for a time horizon of 20 to 30 years.

Historical attrition rates feed into the model to identify problematic trends for specific

AFSCs in order to dictate the need for more or less recruitment, retention bonuses,

or general force shaping. The longstanding challenge has been maintaining healthy
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levels of officers, especially as years of service (YOS) increase and officers complete

their mandated ADSC. Moreover, turnover occurs regularly with promotions and

retirements since the military structure is strictly hierarchical based on YOS. The time

at which obligations are completed is a flash point for eligible officers to determine if

they want to remain in the service or separate. Ongoing research to precisely identify

the best variables and conditions that can confidently predict future retention trends

has been a priority for HAF. A goal of this work is to identify factors to anticipate

attrition so the sustainment models can become more accurate and targeted.

1.2 Research Questions

Both intuition and previous research suggest economic and demographic factors

play important roles in the personal decision to separate from service. Intuition

follows that economic booms lead to higher officer attrition since there are readily

available jobs that incentivize officers to leave Active Duty. Conversely, officers are

less likely to separate during economic recessions or downturns since there are less

available jobs in the private sector. It would be useful for sustainment models to

include economic factors. This research explores the predictive capability of various

external economic and demographic factors that are hypothesized to influence offi-

cers’ decision to separate from service. Moreover, it seeks to predict future retention

rates for officers by taking into account such external information. The key external

variables are called leading economic indicators, which tend to be predictory in nature

of future behavior or trends. Current sustainment models use YOS as the primary

variable for explaining and predicting officer retention. This thesis determines if there

is an alternative variable, or set of variables, to YOS as a metric in retention models

to help produce more useful results. This research proposes that if some or all of the

examined variables provide better insight into attrition, then it would be possible to

2



better anticipate future retention trends and adjust recruitment and sustainment as

needed. Leadership can capitalize on that information when determining career sizes,

retention bonuses, and overall force shaping programs.

1.3 Limitation of Work

This work attempts to capture and predict human behavior and decision-making

via a model containing personal and economic attributes. Naturally, this is difficult

due to the innate irrationality and unpredictability of people. There are too many

underlying factors in real-life that are nearly impossible to pinpoint and define in a

mathematical model. However, leading economic indicators and certain demographic

patterns aim to capture some of those unobservable traits, and give insight at least

at some macro level.

1.4 Thesis Organization

This chapter outlined the general motivation and scope of this thesis. Chapter

2 provides a literature review on relevant past research done on officer retention.

Economic-focused research is particularly highlighted. Additionally, it discusses im-

portant economic concepts that play a key part in this thesis. Chapter 3 focuses on

the methodology, data attainment and preparation, and explains the techniques used

to conduct analysis. The two main techniques employed are regression analysis and

multivariate analysis. Chapter 4 presents the results and analysis of both the regres-

sion and multivariate techniques. Chapter 5 concludes the thesis and recommends

follow-on work for future research.
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II. Literature Review

2.1 Overview

Maintaining a cadre of quality officers with the proper mix of experience and rank

is a perpetual concern for the Air Force. As such, there have been ongoing studies

aimed at identifying the underlying causes and recommending solutions to rectify

the retention problems. More recently, an economic-focused approach has emerged

as an important part of the conversation regarding retention and the modeling of

retention. The intuition is that the health of the economy is a factor in individual

officers’ decision to stay in or separate from military service. Thus, understanding

the trajectory of the economy may shed light on upcoming attrition trends over the

officer corps or subsets of that corps. However, the extent of this relationship has

not been fully explored. This section summarizes previous studies, and their models,

focused on military officer retention, both in a general sense and from an economic

perspective.

2.2 Officer Retention Problem

Maintaining a strong and healthy officer corps is essential to the success of the

Air Force. Not only does this ensure combat readiness and the continued projec-

tion as a world superpower abroad, but also it ensures American freedoms and way

of life domestically. Officer personnel sustainment has long been a concern for Air

Force leadership because there is the constant ebb and flow of officers joining, sepa-

rating, and retiring that impacts the total size of the officer corps. The longstanding

challenge has been to influence and predict future fluctuations in officer retention to

ensure a strong and healthy force. The research on external factors’ impact on officer

retention is a more recent shift that is reviewed in this chapter as the basis for the
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subsequent work. Such external factors include the various measures of the health of

the economy which may be combined with individual demographics. The bulk of this

recent research focuses on the health and future projection of the economy, and how

these measures have been examined as influencers of retention.

2.3 Macroeconomics Review

The National Bureau of Economic Research is a private, non-partisan research

organization that facilitates research and publication of major economic issues [24].

Economists at the NBER use the business cycle as a measure of the state and strength

of the economy. A business cycle is defined by NBER as “peaks and troughs that

frame economic recessions and expansions” [25]. In this context, economic low points

are defined as troughs and the economic high points are called peaks. A chronology

of the U.S. business cycles, characterized by unemployment rate, is shown in Figure

1. The gray shaded areas represent periods of recessions.

Figure 1. Unemployment Rate Business Cycle. Graph acquired from NBER’s business
cycle web page [25]

Macroeconomists, experts in the U.S. economy at large, have struggled to pre-

cisely model and forecast the business cycle, made difficult due to its complexity and
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innate unpredictability. However, indicator variables are a measurable and consistent

proxy for evaluating economic strength and projection. Unemployment rate is a top

indicator variable for NBER’s chronology of U.S. business cycles because it is reported

on a monthly basis. Statistics reported on a monthly basis are preferred over those

reported quarterly.

In economics, indicator variables are categorized as lagging, coincident, or leading

indicators. Lagging indicators have a delay before their effects are observed in real-life.

Unemployment rate is one such example because the measurable economic impacts

via applications for unemployment benefits are observable after-the-fact. Generally,

lagging indicators are not desirable for prediction purposes because their observable

impacts occur too late. Coincident indicators are observed in real-time and provide

perspective to the current health of the economy. Coincident indicators are best used

in conjunction with both lagging and leading indicators to identify economic trends or

patterns. A leading economic indicator can be used to predict future economic trends

and the direction the economy is heading. If the goal is prediction, leading economic

indicators are preferred over coincident or lagging indicators [1]. Leading economic

indicators are particularly important right before a drastic shift in the economy since

they act as the first data points of a new business cycle [10]. Intuitively, the state

of the economy plays a role in officer retention because it is a strong factor in the

availability of jobs in the civilian job market. Previous work has already concluded

the positive relationship between a strong national economy and increased officer

attrition. Such work is discussed next.

2.4 Relevant Previous Work

An early modeling effort that examined economic influences is the agent-based

model introduced by Gaupp [11] and published in Hill and Gaupp [19]. Their agent-
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based model was used to examine the propensity of pilots to remain in the Air Force

or separate based on personal as well as socio-economic influences. The model was

primarily a proof-of-concept model. The computer simulation findings implied reten-

tion is largely determined at an individual level and that retention efforts should focus

on the training and work environment, rather than targeting individual attitudes.

Schofield [26] explored attrition for non-rated Air Force officer AFSCs based on

logistic regression and survival analysis using personnel data from January 1999 to

December 2013. Logistic regression is a predictive modeling tool that uses a logit

transformation of the binary (stay in service, get out of service) response variable.

In general, logistic regression is deemed superior to ordinary least squares regression

for binary responses because it involves the more appropriate binomial assumption

on the data. Survival analysis is useful when the time of a specific event is of interest

[9]. For retention, the event of interest is the service member’s decision to separate

or remain in service upon ADSC completion.

Schofield [26] used a binary response variable of officer retention and applied

logistic regression to identify the important underlying variables. YOS is an important

factor in her model. ADSCs often expire at the four to five year mark or ten to twelve

year mark depending on non-rated or rated career fields. The results indicated that

more YOS, distinguished graduate status, and career field were all indicators of a

higher probability of retention. These significant factors were then used in a survival

analysis model. The main takeaways from Schofield’s research were that females are

more likely to separate, and distinguished graduate status, and number of years of

enlisted service are significant indicators for predicting retention [26]. There was no

inclusion of economic variables in Schofield’s work.

Jantscher [20] studied economic factors that were possibly influential to officer

retention. She focused on economic metrics using a correlation analysis to determine

7



the relationship between those variables and AFSC retention rates. Her data sources

were personnel data from 2010 to 2014 for 100 different AFSCs in conjunction with

nationally maintained economic databases, such as the Bureau of Economic Analysis

(BEA) and the global data aggregating company Quandl Financial and Economic

Data. Her conclusions followed intuition in that retention rates tend to decrease

when the economy is strong, except for the career fields of Intelligence and Chaplains.

However, her goal of creating a regression model to predict future AFSC retention

with updated data was not successful. There was severe multicollinearity in her

model, hindering its application for future use [20].

Franzen [10] used a survival analysis regression model to identify six demographic

factors (marital status, gender, commission source, prior service, distinguished grad-

uate, and dependents) and one economic factor (New Orders value from the Advance

Durable Goods Report) to help predict rated officer retention. Realizing that the

point of ADSC expiration is when economic factors have the most impact on the

service member’s decision to remain in service or separate, Franzen created a model

to help predict and anticipate future retention rates of Air Force rated officers [10].

Franzen’s recommendation for future work included examining the New Orders values

from the Durable Goods Report from the U.S. Census Bureau because it is a leading

economic indicator [5]. Thus, one could extrapolate future New Order values as a

proxy for economic strength [10].

Elliott [7] conducted an econometric analysis on Air Force officer retention, focused

on the formal relationship between various indicators of the economic environment

and officer personnel attrition in the Air Force. Elliott examined non-rated offi-

cer retention using AFSC attrition data from October 2004 to September 2017 and

various economic indicators from the Federal Reserve Bank of St. Louis - Federal Re-

serve Economic Data (FRED) database. He used Auto-Regressive Integrated Moving
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Average (ARIMA), exponential smoothing, and regression to facilitate his analysis.

He accounted for the time variables such as unemployment rate by introducing lag-

periods of 0, 6, 12, 18, and 24 months. All of the top performing forecasting models

included the unemployment rate variable lagged by 24 months. His results reinforced

the notion of the relationship between the lagging unemployment rate variable and

officer attrition (such as suggested in Jantscher [20] and Franzen [10]). He also iden-

tified that that relationship has a two year time lag. He suggested future work in this

area as investigating possible differences across AFSC groupings [7].

Pujats [23] created a model to forecast Air Force officer retention by AFSC as an

extension to Elliott’s work. His study focused on how the civilian sector hiring cycle

predicts and forecasts upcoming officer retention. The data spanned the time frame

from November 2004 to September 2017 and included attrition by AFSC, internal

personnel data, and external economic data. Eight AFSCs (11X Pilots, 17D Cyber,

31P Security Forces, 32E Civil Engineers, 61A OR Analysts, 62E Engineers, 63A

Acquisitions, and 64P Contracting) were chosen based on their relevance to jobs in

the civilian sector, how critically manned they are, and if they are an emerging career

field expected to have rapid growth in coming years. Methods of analysis included

multiple linear regression and ARIMA forecasting. His analysis showed varied results

in predicting attrition by AFSC and suggested further research is necessary to come

to a concrete conclusion. Pujats identified two key indicators for predicting attri-

tion: YOS and individual demographics. He emphasized quality economic data as

of paramount importance. The AFSC attrition data was monthly but the economic

data was often quarterly or yearly. This lack of data alignment leads to the problem

of incorrect or exaggerated aggregation. Overall, he suggests that future attrition can

be better modeled and predicted with the combination of individual demographic fac-

tors and introducing more factors into the model to explain more of the variability in
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attrition.

Patterson et al. [22] studied the effects of retention efforts and retirement pro-

grams on labor supply in the U.S. Army for mid-career soldiers on both the enlisted

and officer sides. Their results validated the concern that the highest educated, most

skilled, and talented soldiers are separating at a rate much higher than their counter-

parts. Their results showed that low-ability soldiers, as designated by their Armed

Forces Qualification Test (AFQT) score, and a proxy variable for the speed of a

soldier’s promotions, are more responsive to lump-sum retention bonuses and early

retirement benefits. The AFQT score is regarded as indicative of overall military per-

formance and individual knowledge in a particular career field, but fails to account

for all dimensions of military aptitude. The proxy variable for speed of promotions

helps provide a more comprehensive perspective for aptitude.

Patterson et al. [22] emphasized the structure of commonly accepted retention

and retirement programs seeking to maintain a highly skilled military workforce is

not reaching all echelons of talent in the Army. This study concludes that the Army

is failing to retain its highest-performing and most talented soldiers because this

subset of officers is largely unaffected by seemingly lucrative retention incentives and

retirement benefits. Their results emphasize the important fact that there are no one-

size-fits-all incentive retention and retirement programs, particularly among career

fields that require more technical skills or higher-level education. The authors suggest

that retention programs should be more targeted and refined for particular groups to

retain higher-ability and skilled service members.

Hanson and Nataraj [12] present and discuss results from research projects relat-

ing to economic trends in the private sector and U.S. Army officers’ perceived notions

of civilian versus military employment. Their findings underscored the necessity of

adequate education on the unique differences in employment between the public and
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private sector. There is a general concern that active duty military members experi-

ence “optimism bias” when considering the trade-offs of transitioning from active duty

military to private sector employment. In psychology, optimism bias occurs when an

individual overestimates the probability of positive outcomes and underestimates the

probability of negative outcomes [12]. This materializes in officers having unrealistic

expectations about easily finding comparable civilian careers, the additional costs of

those jobs that the military covers (i.e. healthcare, relocation, etc), and retirement

benefit programs. Essentially, officers are ignorant of the socioeconomic differences

between military and civilian employment because they are unaware of the addi-

tional costs of civilian employment. Hanson and Nataraj [12] explain such costs as

health-care benefits, underemployment risks, general unemployment, and retirement

programs. The total magnitude of such differences is much greater than one presumes

due to lack of understanding. The goal is to eliminate the “grass is greener on the

other side” mentality. The authors conclude that effective and more complete com-

munication before an Army officer candidate commissions is the best way to ensure

a more informed perspective and, ultimately, help improve officer retention.

Interestingly, there does not appear to be any widespread effort to disseminate

information about military versus civilian career benefits among Air Force officer can-

didates in a formal educational program. The creation and adoption of such a pro-

gram among Reserve Office Training Corps (ROTC), Officer Training School (OTS),

and United States Air Force Academy (USAFA) military development and education

may lead to greater success in retaining the highest-performing officers. As a result

of such education, officers will possess well-rounded knowledge of the realities of mili-

tary versus civilian careers before even entering active duty and will have that critical

perspective long before making the personal decision to separate or remain in service.

This literature review examined work that specifically linked military retention
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studies with economic impacts or explored the relationship between economic health

and retention. While retention studies have long been a topic of military interest,

often to determine widespread policies and programs, the economic factors that may

be driving or underlying such retention trends have remained largely unexplored.

Nevertheless, the work conducted to date in this vein are useful and provide recom-

mendations for continuation.

This work is a follow-on to previous work conducted on macroeconomic focused

impacts on officer retention. Moreover, inclusion of demographic variables to identify

trends in attrition are considered. This work continues the work of Elliott [7] and

Pujats [23] work by combining an economic and demographic focus on officer attri-

tion. The Patterson et al. [22] study suggests more tailored, individualized retention

programs according to career fields, so categorization according to AFSC is a focus in

this research. Certain leading economic indicators are used as proxies for economic

strength and examined for their effects on future retention, as suggested by Franzen

[10]. This approach is further explained in the next chapter.
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III. Data Preparation and Methodology

3.1 Overview

This chapter outlines the methodology, data attainment and preparation, and

an explanation of the techniques applied to conduct the linear regression and multi-

variate analysis. Multiple sources provided relevant data sets so extensive cleaning

and manipulation led to a uniform master data set. All subsequent analysis used

this master data set. Detailed, specific results and conclusions are presented in later

chapters.

3.2 Data Attainment and Preparation

One goal of this analysis was to examine which, if any, leading economic indicators

may be applied as a predictor for Air Force Officer retention models. The focus vari-

ables are leading economic indicators because they provide reliable insights regarding

both the state of the current economy and where the economy may be headed in the

near future.

Leading economic indicators considered in this research include the New Orders on

Durable Goods, Consumer Confidence Index (CCI), Military Expenditures, and the

Business Formation Statistic. CCI is a survey administered to American households

regarding their economic expectations both in the present and for the near future.

CCI is widely regarded as a leading economic indicator because it measures the health

of the U.S. economy based on peoples’ perceptions and attitudes towards businesses,

employment, and income both presently and for the next six months. Economists

from the Organization for Economic Cooperation and Development (OECD) regard

CCI as the most credible gauge of U.S. consumer confidence [8]. The Advance Report

on Durable Goods Manufacturers’ Shipments, Inventories, and Orders is a survey pro-
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vides the monthly figures on manufacturing activities [21]. The New Durable Goods

Orders is used as a proxy for economic strength because increased goods tends to

mean higher productivity of labor, increased employment, and more consumption.

New Durable Goods Orders is regarded as a reputable leading economic indicator

because it provides an indication of future business trends. Intuition follows that

increased New Durable Goods Orders indicate economic growth and decreased New

Durable Goods Orders signify economic stagnation or downtown. New Business For-

mations is a survey that reports the number of new U.S. business applications [4]. It

is also a proxy of economic strength because more applications tend to mean higher

confidence in the economy and vice versa, and it captures the entrepreneurial spirit

of the people and the risks people are willing to take based on how they perceive

the economy. Lastly, military expenditures are the total amount of spending spent

annually on all defense-related ventures. Ongoing research is inconclusive on whether

the link between economic growth and military expenditures is significant [2]. Pujats

[23] found the variable insignificant in his research. Based on his findings, military

expenditures was not included in this analysis. The three leading economic indi-

cators were evaluated in conjunction with Air Force officer personnel demographic

data. Evaluating the existence and strength of any relationship between them, and

the dependent variable of separation rate, was one of the goals of this work. There

are multiple sources of data used in this analysis:

• 2004-2019 personnel data from Headquarters Air Force/A1 is the primary source

for the bulk of the data. This data contains important separation and attrition

information including date of separation, AFSC, grade, etc. Hundreds more de-

mographic metrics were available from the personnel data. In previous research,

obtaining this data was a challenge. Access to this individualized big data is

valuable to this research. All personally identifiable information was scrubbed
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from the analysis. The demographic features included in this research were age,

sex, race, marital status, number of dependents, degree groups 1-4, source of

commissioning, long overseas tours, short overseas tours, Masters’ degree, and

PhD.

• St. Louis Fed - FRED is a nationally maintained database of major economic

data. Both CCI and military expenditures are found from this source. CCI

is a normalized value around 100. Another major economic indicator from St.

Louis Fed - FRED database is military expenditures. However, that data were

excluded from this research.

• The U.S. Census contains the seasonal Advance Report on Durable Goods Man-

ufacturers’ Shipments, Inventories, and Orders [21] and New Business Forma-

tions [4]. For this analysis, both statistics were seasonally adjusted, which means

they are computed as compared to the previous quarter’s activity. Monthly data

are preferred since it is more detailed but that data were not accessible with

these two indicators.

• Elliott [7], followed by Pujats [23], compiled a master data set including sep-

aration rate by month by AFSC, monthly national macroeconomic indicators,

and employment rates for civilian sectors most comparable to the key AFSCs

studied from 2004-2017. Pujats [23] accounted for missing observations in this

data set using the k-Nearest Neighbor algorithm for data imputation. This al-

gorithm uses 31 of the missing observation’s nearest neighbors and a weighted

average to estimate the missing data. This technique did not introduce signifi-

cant bias since there were very few missing observations and the dimensionality

was relatively small. Moreover, Pujats [23] accounted for irregular economic

events in the time period between 2004-2017, such as the Great Recession from
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2007-2009, by curtailing data for specific AFSCs. This thesis implements and

builds upon that master data set. The AFSCs, separation rates, and time span

from the previous 2004-2017 data set are useful. However, based on Pujats [23]

conclusions, all of the economic variables and civilian hiring data are eliminated.

He did not find significant trends among the economic factors he included, but

he did confirm the suspicion that comparable civilian hiring trends play a sig-

nificant role in retention. The leading economic indicators discussed earlier in

this section were added to this master data set. Moreover, the timeline expands

to include the most recent 2018-2019 retention and economic statistics. Data

imputation on a large scale was not necessary since there were not many missing

observations.

The main aspect of the data cleaning process was modifying the Elliott [7] and

Pujats [23] data and properly formatting the HAF/A1 data to curate a master data

set. The external economic statistics were added by month-year to the HAF/A1 data.

The HAF/A1 data contained hundreds of demographic statistics, personal identifi-

able information, and career progression variables. The initial cleaning removed any

variables containing sensitive personal identifiable information such as names, dates

of births, addresses, social security numbers, etc. Although the focus was on macroe-

conomic variables, a select group of demographic variables were kept for analysis.

These are grade, age, sex, race, marital status, number of dependents, degree type

and number, source of commissioning, number of short and long overseas tours, and

higher-level education degree attainment. Further elimination was necessary before

formulating the initial model. Those measures are discussed later in this chapter.

Elliott [7] and Pujats [23]’s data were categorized by specific AFSC separation

rates while the HAF/A1 data had individual observations that represented whether

an officer separated or remained in the service. The monthly AFSC separation rates
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were calculated for 2018-2019 and added to the Elliott [7] and Pujats [23] data.

All observations that were not separations were eliminated from the HAF/A1 data.

The date were reported as date-month-year, but it was modified to month-year to

match the Elliott [7] and Pujats [23]’s date format. To combine the various data sets

into the master data set, observations were matched by both month-date separation

and AFSC. Thus, the resulting master data set contained individual observations of

separations, grouped by AFSC and month-year dates. The individual observations

included the associated demographic data while the economic data remained uniform

across all AFSCs for that month-year time period.

3.3 Data Manipulation

The DoD recommends Airmen begin their separation planning at least 12 months

prior to separation. Based on this timeline, all of the leading economic indicators were

lagged by 12 months. The month-year separation for each observation was associated

with the previous year’s economic indicator statistics. For example, the September

2005 separations had the economic statistics from September 2004.

The 2004-2019 master data set was a combination of the HAF/A1 personnel data

with the separation rate data set from Pujats [23] and Elliott [7]. The data were

partitioned into training and validation sets. The training data set was the data from

2004-2017 and the validation data set was the data from 2018-2019. The training

master data set contained 19,799 observations and the validation master data set

contained 3,022 observations. The validation master data set was withheld from the

analysis until a subset model from the training data was selected. Then the training

data subset model was used to create a prediction interval for the validation data and

evaluated.

The variables of the master data set were categorized as date, numeric, or char-
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acter to ensure proper scaling and linearization. The Masters and PhD variables

were changed to indicator variables, where a zero means no degree and one equals

degree achievement. The scales for the numeric regressors were standardized to pro-

vide better interpretations of raw coefficient estimates and to understand the relative

impacts of the units. While not necessary in linear regression, this does help with

interpretation. This was confirmed by checking the ranges of the variables before

and after normalization. The normalized standardization was applied to all numeric

variables. This type of feature scaling for numeric variables enabled simpler and more

straightforward interpretation of results.

Closer consideration of the independent variables from the HAF/A1 data revealed

missing observations for certain variables initially deemed interesting and important

enough to include in the regression. There was also some clear redundancies among

the variables. There were two variables that reported source of commissioning. The

first was the full source and the second was an assigned number representing the full

source. Thus, only the latter was included in the regression as an indicator variable.

Additionally, there were five variables measuring the number of degrees an individual

attained. However, the pertinent information for what type of degree and the subject

matter of the degree was sporadic and inconsistent across years. Thus, while this

level of degree detail is useful in the analysis, it was not complete enough. Therefore,

these degree variables were eliminated from model inclusion.

3.4 Linear Regression

Linear regression was the first step to determining the best model to forecast attri-

tion trends. Such analysis evaluated the existence of any linear relationships between

predictor variables and retention data. While the precise relationships among the

variables may be unknown, regression provided an adequate approximation to build
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upon for further study. Good data are critical input for linear regression. Regression

techniques should not be applied until all data preparation and manipulation are

complete. Model building began once the data preparation and manipulation step

described above was complete.

This regression involved several regressors. An associated regression equation

for the model roughly approximated relationships between the k regressors and the

response variable, y. The general form for a multiple regression equation is shown in

Equation 1:

y = β0 + β1x1 + β2x2 + ...+ βkxk + εi (1)

The equation structure is a linear function of the unknown β parameters. Thus, it

is possible to apply linear regression even if the relationships among the variables

are not perfectly linear. An example of interpretation of the β parameters when

the variables are scaled and standardized the same way is as follows: the parameter

β1 indicates the expected change in the response variable, y, per unit change in its

associated predictor variable, x1, when all other regressors are held constant.

Real-life data are often very complex. When the data are based on human behavior

or attributes, it becomes even more difficult to account for, and explain, unknown

causes of variability among the variables. Regression analysis simplifies such features

by requiring certain generalities be satisfied in order to apply its techniques and

interpret results. This essential step of regression is called model adequacy checking.

Another way to think about model adequacy checks is as a sanity check because it

reveals inconsistencies or problems with both the individual variables and the overall

model. Regression assumes normality and constant variance in the data. Normality

means that the residuals are reasonably symmetrical with diminishing tails of the

distribution. Constant variance means that there no noticeable changes in how well

the model fits the observations over time. If one or both of these assumptions are
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violated, they must be remedied. The entire model building process is iterative.

Several approaches to addressing violations of regression assumptions are discussed

in this chapter and applied in the following chapter.

One cannot conclude a cause-and-effect relationship between variables based solely

on regression results. Closely related variables determined in a model environment

does not always translate to real-life outcomes. Rather, a seemingly-close relationship

among data simply implies that there is correlation and requires additional observa-

tion outside the model environment to confidently conclude results.

This research’s methodology involved analyzing all variables, systematically elim-

inating variables deemed unnecessary, checking model adequacy, using a standard

selection technique to generate three subset models, performing detailed analysis on

those three models, and finally concluding the advantages and disadvantages of each

subset model before selecting one for the final forecasting ability and multivariate

analysis for predictive power.

3.4.1 Full Model Evaluation

The first step was to analyze a full model including the macroeconomic and de-

mographic variables. This process included finding the summary statistics, checking

model adequacy, and examining the variance inflation factors (VIFs). The summary

statistics include R2, t-statistics, and p-values. R2 is the coefficient of multiple deter-

mination, which is a measure of the fit of a regression model. It describes how much

the regressors explain the response variable. The regressors’ t-statistics are used in a

t-test to determine individual regressors’ significance in the model. The model p-value

and individual regressors’ p-values further determine fit and significance. A p-value

less than 0.05 generally indicates significance. Interpreting the collective statistics

convey a multitude of important takeaways of the model. The magnitude of the
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variables’ coefficients indicate how significant they are in the model. The VIFs are a

multicollinearity diagnostic. Multicollinearity means there is correlation among the

independent variables, which, among other issues, decreases the degree to which the

individual regressors explain the variation of the dependent variable. The conservative

VIF cutoff of five is used for this analysis. Multiple variables with large VIFs indicate

multicollinearity in the model. Multicollinearity requires removing some independent

variables from the model.

Residual analysis is a primary method for checking model adequacy. Model ade-

quacy diagnoses the basic regression assumptions of linearity, zero mean error terms,

constant variance, and uncorrelated errors. The normal Q-Q plot and various residual

plots provide a check on the error normality and constant variance assumptions. For

normal Q-Q plots, the observations and the normal distribution line should be closely

aligned. A straight, approximately 45 degree line supports the hypothesis that the

data are normally distributed. The residuals versus predicted values plot shows the

relationship between the residuals and predicted response. The variance of the errors,

or spread of the residuals, should be constant across the observations. There are com-

mon patterns of concern to check for in the residual plot, such as double-bowing or

fanning, that suggest a violation of the constant variance assumption or some effects

not yet defined in the model. When such patterns are discovered, remedial measures

are used to resolve the assumption violations.

3.4.2 Transformations and Skewness

Variable transformations are necessary when there is nonlinearity and/or noncon-

stant variance in the model. This is indicated by unusual patterns in the normal

Q-Q and residual plots. If the issue is a violation of linearity, the response variable

can be manipulated with a function such as square root or natural log to attempt to
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reconcile the response and regressors to form a more linear relationship. Skewness

in the model is generally part of deviations from normality. Skewness is identified

by examining the residual quantiles from the model summary statistics. The mean

of the residuals should be close to zero with the distance to the minimum and max-

imum similar in magnitude for skewness to not be present. If this is not the case,

there are likely outliers skewing the residuals. Additionally, it is possible to find the

skewness value for the overall model. The widely accepted cutoff for skewness is a

value below 1.0. If the skewness is greater than 1.0 or less than -1.0, this informs

the analyst of whether the skewness is positive or negative and how to proceed to

remedy the skewness. For nonconstant variance, variance stabilizing transformations

result in a more precise estimate of the model parameters and increases sensitivity

for the statistical tests. After a transformation is applied, it is necessary to examine

the improvements to the model by examining common plots again and R2 value. In

general, transforming the response is considered when there are both linearity and

constant variance violations. Conversely, transforming the regressors is considered

when the only issue is the linearity assumption.

3.4.3 Outlier Analysis

Outlier analysis is important. Unidentified outliers may negatively influence the

model. An outlier is defined as an observation with an usual x and/or y value. As a

result, these type of points noticeably impact the model coefficients since they “pull”

the regression model in their direction [6]. Influence points have unusual x and y

values. Leverage points are observations with seemingly unusual x values. Not every

unusual observation is an outlier requiring removal. Analyst expertise is necessary to

determine the best course of action to treat, eliminate, or leave potential outliers in the

data. Outlier analysis identifies the existence of potentially problematic points and
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helps determine if those can be attributed to issues with data collection or external

factors outside of the model environment.

Outlier analysis is conducted on individual observations or in groupings. This is

related to attrition data because it is more insightful to look for general clustering

of leverage or influential points that seem to capture groups of observations. Once

identified, the analyst can determine the best action to take such as discarding such

points altogether, weighing them differently than the well-behaved observations, or

keeping them in the model as is. Nevertheless, valuable insight is gained from this

effort in the model building and checking process.

In this thesis, the goal was identifying if clusters of outliers exist and what (if

any) external factors coincide with them. For example, perhaps unusual patterns are

observed during distinct economic downturns or booms, AFSC consolidation mea-

sures, or targeted retention bonuses. The inclusion of outlier analysis benefited the

regression because it allows attribution of variability.

The R feature that reports influence diagnostics for any given model was the

primary tool for outlier analysis. The R output, along with general knowledge of the

data set, helped to decide what action to take on those potential outliers.

3.4.4 t-tests

Once the model is fit with all necessary regressors, a thorough residual and outlier

analysis completed, and any necessary transformations applied, the final step is the

examination of the t-tests on the individual regressors is the final step to the full

model analysis. Each t-test considers a specific null hypothesis, H0, defined as a

regressor’s coefficient being equal to zero. The alternative hypothesis, HA, is defined

as each regressor’s coefficient not being equal to zero. Equation 2 provides the t-test
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hypothesis.

H0 : βi = 0 ∀ i (2)

HA : βi 6= 0 for some i

The t-critical value was established and then each individual regressors’ t-value was

compared to the t-critical value. If the absolute value of the regressor’s t-value was

greater than the t-critical value, that suggested that the regressor was statistically sig-

nificant in the model and helps to explain the dependent variable of Separation Rate.

3.5 Linear Regression Equation

Table 1 contains the full list of data considered in the model building process. The

full analysis finds a smaller subset of data that best predicts retention. The linear

regression evaluated if and how much each of the independent variables influence

the dependent variable of Separation Rate. The last three variables of the table

were included for data cleaning and manipulation purposes only, but they were not

included in the regression as independent variables. Variables that were eliminated

from the regression because there were too many missing observations or redundancies

are noted as well. These are the five degree variables, x13 through x17, and the long

form variable for source of commissioning, x18. The regression model summary will

include the coefficient, βi, for each variable.
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Table 1. Full Variable List

Name: Class Variable Definition

AFSC: categorical x1

Date of Separation: date x2

Grade: numeric x3

Years of Service: numeric x4

New Business Formations: numeric x5

New Durable Goods Orders: numeric x6

Consumer Confidence Index: numeric x7

Age: numeric x8

Sex: categorical x9

Race: categorical x10

Marital Status: categorical x11

Number of Dependents: numeric x12

Deggrp: eliminated x13

Deggrp1: eliminated x14

Deggrp2: eliminated x15

Deggrp3: eliminated x16

Deggrp4: eliminated x17

Source of Commissioning Long: eliminated x18

Source of Commissioning: categorical x19

Long Overseas Tour: categorical x20

Short Overseas Tour: categorical x21

Master’s Degree: categorical x22

PhD Degree: categorical x23

Fiscal Year x24

Number Assigned x25

Number Separated x26

Separation Rate Separation Rate

Equation (3) is the regression equation produced from the full model analysis.

Separation Rate = β0 + β1x1 + β2x2 + · · ·+ β23x23 + εi (3)

3.6 Reduced Model Analysis

Various subset models containing various combinations of regressors were exam-

ined next. The R function dredge() effectively compares and selects a subset model

of the most effective variables based on a given criteria. The output automatically

computes several important statistics in evaluating subset regression models. R2

measures how much variability in the response is explained by the regressors. When
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comparing models, R2
adj is a better statistic than R2. The R2

adj penalizes the R2 value

when insignificant terms are added to the model. According to the R2
adj criterion,

the model with the maximum value is the best. Mallow’s Cp is another useful statis-

tic that measures model capability and parsimony. Smaller values of Cp, close to

the number of parameters, p, in the model are preferred. The Akaike Information

Criterion (AIC) is a measure of model parsimony, where a lower value indicates a

model with less variables. The key insight for AIC is the nuances of the number of

regressors versus the expected information that each contributes to the model. The

number of regressors in the model is included in calculating AIC. The AIC will pe-

nalize models that include more regressors that bring minimal valuable information

compared to other models [6]. Since the end goal of the final model is maximum pre-

dictive power, the PRESS statistic is another important factor in evaluating subset

models. The PRESS residual is the residual, ej, that results when xj is not included

in the model, sort of a hold-out validation measure. The PRESS statistic involves all

PRESS residuals. PRESS sheds light on which regressors have small effects that are

not very valuable to the model. Often times, PRESS is used to compare alternative

subset models because it discriminates between alternative models. For PRESS, a

lower value means a better predictive model.

Additionally, the F-test is a global test to check if the model has significant vari-

ables. It is used to evaluate the subset models. Each model’s F-statistic is compared

to a critical value and their corresponding p-values indicate whether the overall model

is significant. This indicates significance of some or all of the terms in the model.

In addition to the subset regression model statistics, model adequacy checks en-

sure there are no violations of the common regression assumptions. Such model

adequacy checks are performed for each of the three subset models to confirm they

are well-behaved. Any number of models could be selected for comparison. This work
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evaluated the top three models generated by the dredge command.

3.7 Prediction for Validation Data

Model validation helped determine the success of the final model in correctly

predicting retention. The data were split to include a training and validation set. The

training set was the data for 2004-2017. The model validation data was for 2018-2019.

The final step of the methodology tested if the validation data correctly identifies the

predicted Separation Rate within the 95% prediction interval. Prediction intervals

provide a range of reasonable values that the true value likely falls into 95% of the

time [3]. For example, in this research, the prediction interval provided a range of

values based on the model that likely encompasses the true separation rate with 95%

confidence.

A prediction interval was produced for 20 different AFSCs for 2018-2019. Breakout

by AFSC is insightful because often there are patterns or trends that are career

field specific. Pujats [23] emphasized that future work should be AFSC specific as

he found that attrition varies by AFSC. Examining tailored relevant attrition data

patterns and trends allows leadership to make the best possible informed decisions

on incentive programs and force structuring by career field.

3.8 Multivariate Analysis

Multivariate analysis explores relationships among data consisting of multiple vari-

ables. The model types can be explanatory, predictive, prescriptive, or descriptive.

The scope of this analysis was predictive and built on the explanatory linear regression

analysis. Some of JMP’s predictive techniques are applied to the master validation

data set to test the power of the selected subset model. The multivariate analysis

tools in JMP Pro 15 are used. For this analysis, classification trees and forests, neural
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networks, and predictor screening are considered. This section summarizes each of

the methods used in this analysis.

For each method, the 2018-2019 data was split into training and validation data

based on a holdback methodology. The holdback methodology randomly splits the

entire data set into either training or validation. JMP’s interface allows the analyst to

specify the proportion of the data set to be held as the validation set. The holdback

proportion was 0.2 for the entirety of the analysis.

The multivariate analysis focused on the model chosen from the model selection

process from the linear regression. The overall goal of the multivariate analysis was

to examine the prediction power of the chosen model from the regression analysis.

Moreover, examining the model in a variety of predictive techniques further pinpoints

the driving variables in the model for predictive power.

3.8.1 Classification Trees and Forests

The primary objective to using a tree-classification approach with ensemble meth-

ods is to determine how well the methods classify the data and if specific improvements

can be applied. Decision trees are visual depictions that recursively partition data

according to the dependent and independent variables. The algorithm continually

performs the splits of the predictors until the best solution to predict the response

is reached. If necessary, the analyst can define the desired number of splits. When

the independent variables are continuous, such as Separation Rate, the partition al-

gorithm splits at the “cutting value” [17]. That is, the splitting criterion is based

on where the significant shifts happen for the response variable. A disadvantage of

decision trees are their tendency to over-fit. Over-fitting can be thought of similarly

to being so precise to the data that future predictive power becomes obsolete. Deci-

sion trees that overfit the data yield lower quality predictions. Nevertheless, decision
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trees are useful to explore, filter, and classify data [17]. Bagging overcomes the single

decision tree’s downfalls. It is also known as bootstrap aggregation. Bagging creates

random samples of observations, with replacement, which are then used to build a

tree. Each individual decision tree is fit using the recursive partitioning process [13].

Each decision tree is used to create the model predictions. Alternatively, boosting is

another superior technique to the single decision tree. It is the additive process of

building a large decision tree made up of smaller layers of decision trees [14]. As the

layers build upon one another, bad fitting data is corrected to ensure higher accuracy.

Ensemble methods like bootstrap forests are the explicit use of combining var-

ious techniques to provide the most accurate, targeted results. Ensemble methods

improve upon decision trees by combining multiple techniques to mitigate the single

decision tree’s overfitting tendency [15]. The result is better predictions than the sin-

gle decision tree model. Random forests is an example ensemble method that further

builds upon bagging, but ensures each tree difers in the variables used to create the

splits during the building process. It creates a multitude of random trees based on

the bagging technique. This ensemble of decision trees is used to create the model

predictions. Ultimately, this approach results in greater accuracy and computation

speed. The bootstrap forest method is based on the boosting technique and is used

in this analysis.

3.8.2 Predictor Screening

Predictor screening further builds upon the classification trees and forest method.

It uses a bootstrap forest to identify the best predictive variables upon the response

variable [18]. For each bootstrap forest, 100 decision trees are built. The resulting

report identifies the predictors that are strongest in the model. Predictor screening

was used in this analysis.
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3.8.3 Neural Networks

A neural network (NN) maps given inputs to a single output similarly based on

an analogy to how the human brain functions as a sequence of neurons [16]. It is

commonly used in classification and regression problems. NNs are useful when data

are noisy and computationally intensive. For this analysis, NNs can capture the

unobserved non-linear relationships in the data that a model may not be able to

capture. Further, the JMP features allows examining individual variable importance

within the determined NN model. This naturally leads to further steps regarding

which variables to further examine in continuing work.

The NN approach for this analysis consisted of a baseline and a complex model.

Activation functions are applied at the nodes of the hidden layers. JMP provides three

default activation functions: TanH, Linear, and Gaussian. In simple terms, these are

linear combination transformations of the regressors. The number of tours is how

many times to restart the NN fitting. The penalty method is squared because this

is the best method to apply when determining the regressor variables’ contribution

to predictive power. The baseline model uses three nodes in one layer using only

the TanH function. The Linear and Gaussian functions are left at zero nodes. The

number of tours was left at one for the baseline model. This baseline NN serves as a

benchmark to compare to the complex model. The complex model aims to capture

the complexity and non-linear nature of the real-life data by using all three functions

available in two different layers. Increased layers means more flexibility within the

NN. Three nodes for both the first and second layers for TanH, Linear, and Gaussian

are set. Moreover, the number of tours is increased to 10.
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3.8.4 Multivariate Analysis Conclusion

Many of these predictive techniques overlap in purpose. This redundancy is valu-

able because it confirms patterns and trends that present themselves and provides

greater confidence in the legitimacy of the results. Overall, applying multiple tech-

niques is often more insightful and helps confirm results for greater confidence.
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IV. Results and Analysis

4.1 Introduction

This chapter presents the analysis conducted on the curated master data set, the

prediction interval, and discusses the predictive power of the model results. The anal-

ysis goal was to provide further insight on the AFSC specific patterns and trends of

officer separation from 2004-2019. Multiple linear regression selected the best possible

model by highlighting the most important regressors among a variety of economic and

demographic variables for the training data set between 2004-2017. Once the best

subset model was identified using the classical model selection techniques, that model

was used to predict the validation data’s separation rate point prediction intervals.

This portion of the analysis was conducted in R. The exhaustive list of economic and

demographic variables is summarized in Table 1. The final model was then examined

using a battery of JMP Pro 15’s predictive features from its multivariate platform.

4.1.1 Full Model Evaluation

The full model evaluation with the macroeconomic and demographic variables

deemed important was the first step of the regression process. Equation 3 was the

basis for the full model evaluation. The summary statistics, model adequacy checks,

and VIFs are presented next. Interpreting the model regression statistics in a holistic

manner led to several important insights of the model.

The summary statistics are shown in Figure 2. The regression results showed the

overall model was significant with the F-statistic of 146.3 and p-value less than 0.05.

The coefficient estimates for the intercept, x4, x5, x6, x7, x8, x9, x12, x20, x22, and x23

had significant impacts for predicting Separation Rate. Since all data were sealed,

the magnitude of the variables’ coefficients indicated how significant they were in the
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model. The top three largest coefficients in terms of magnitude were x5, x6, and x9.

The VIF values provided in Figure 3 indicated whether multicollinearity is a prob-

lem in the model. Any VIF values greater than five were a cause for concern. For

the full model, only two variables had VIF values of concern: x4, YOS, and x8, Age.

Intuitively, one expected these two variables to be correlated. Since YOS has been

used in past studies, it was the variable retained in the model.

Figure 2. R Output of Full Model Summary Statistics
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Figure 3. R Output of Full Model ANOVA Statistics and VIFs

Both the normal Q-Q plot and residual versus fit plot raised suspicions regarding

the normality and constant variance assumptions - see Figures 4 and 6. The normal

Q-Q plot in Figure 4, showed a non-linear line. Figure 6 is the residuals versus fit

plot, which showed a funnel pattern sloping slightly upwards to the right. The data

also appeared in very apparent clusters, instead of randomly bouncing around the

residual equals zero line. This suggested heteroscedasticity. A transformation of the

data is one way to address the possible heteroscedasticity.
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Figure 4. R Output for Full Model Normal Q-Q Plot

Figure 5. R Output for Full Model Residuals
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4.1.2 Transformations

The residual quantiles in Figure 5 revealed apparent skewness in the full model.

The absolute value of the maximum residual is significantly greater than the absolute

value of the minimum. The minimum of -1.944 and the maximum of 18.024 indicate

severe positive skewness in the model.

Figure 6. R Output for Full Model Residual Plot

The dependent variable of Separation Rate had a skewness greater than 1, indi-

cating positive or right-skewness. The skewness values were determined in R using

the skewness() command. The untransformed skewness of the dependent variable had

a value of 4.53, significantly greater than 1.0.

Skewness among the regressors also appeared to contribute to the violation of

the normality assumption. Two variables in particular, x5 and x6, exceeded the 1.0

threshold. x5 had a skewness of 1.10, and x6 had a skewness of -1.12. The rest of the

numerical variables skewness values were within the acceptable range of -1.0 to 1.0.

Transformations are used to address violations of the standard linear regression

assumptions and high skewness. To remedy the normality assumption violation, a

log(y+1) transformation on the response was applied. Since Separation Rate was

scaled from -1.0 to 1.0, there are negative values among the observations. Adding

the constant to the observation before applying the logarithm transformation en-

sures all observations are strictly positive. The logarithm transformation helps to

both linearize and reduce heteroscedasticity in a model. The subsequent summary

statistics and model adequacy checks are shown in Appendix A, Figures 24 through
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27 for the reciprocal and logarithmic response only transformation. The reciprocal

transformation on the response variable was not strong enough, so a logarithmic

transformation was applied. The logarithmic response only transformation model

still did not remedy the biggest issues with skewness. The individual regressors were

examined for skewness as well; x5 was transformed with its reciprocal and x6 with

the formula
√
x6max − x6 =

√
3.613− x6. These were applied in addition to the loga-

rithmic transformation on the response variable. The remaining skewness values were

1.0 for Separation Rate, 0.98 for x5, and -0.22 for x6. The resulting model is shown

in Figure 7 and 8. Its residual analysis revealed a slightly upward sloping pattern

among the residuals.

Figure 7. R Output for Final Full Model Summary Statistics
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Figure 8. R Output for Final Full Model ANOVA Statistics and VIFs

The updated skewness values were within the cutoff of -1.0 and 1.0 at 0.998 and

-0.216. The effects were further confirmed by checking the residual quantiles and

normality plot in Figures 9 and 10. The normality plot was now closely aligned,

suggesting reasonable the normality. While the residual quantile showed the positive

skewness was not completely rectified, the transformations significantly reduced the

magnitude the first model’s maximum from being 9.269 larger to the final full model

only being 1.584 times larger than the minimum.
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Figure 9. R Output for Final Full Model Normal Q-Q Plot
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Figure 10. R Output for Final Full Model Residual Plot

The final full model contained a log(y+1) transformation on the response and the

appropriate x5 and x6 regressor transformations. All resulting skewness values were

within the cutoff of 1.0 and the model adequacy checks passed.

4.1.3 Outlier Analysis

The influence measures output reported 1,294 influential points out of the 19,799

total training data observations. This report listed each influential observation and

its corresponding measures, with asterisk for which measure is deemed unusual. At

this point, analyst judgment is important to identify the best course of treatment for

these potential outliers.
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Upon further investigation, the majority of the outliers correspond with iden-

tifiable events including the Great Recession from 2007-2009, drastic force shaping

changes, and career field consolidations. This analysis sought to identify but not com-

pletely eradicate outliers among the data since the focus years contained particularly

high amounts of outliers. These instances were identified but untouched because they

are realistic. Models that assume or explain away all undesirable features are not re-

alistic or applicable for real-life implementation. The goal was to create a model that

is resilient enough to handle the realities of attrition and fluctuations to economic

health and drastic force shaping.

4.1.4 t-tests

The t-tests on the individual regressors helped determine the best variables to

explain the dependent variable of Separation Rate in the model. At the 95% signif-

icance level, the t-critical value used is 1.968. Each of the regressors’ t-values were

compared to the t-critical value. The absolute value of every regressor’s t-value, ex-

cept for x7, was greater than the t-critical value of 1.968. This suggested that nearly

every regressor in the model was significant. The next step was to evaluate different

subset reduction models based on this final full model.

4.2 Reduced Model Analysis

The next step produced all possible regressions from the full model and then

selected three subset models for detailed analysis to finalize the best predictive model.

Model A was defined by dredge as

Separation Rate =0.356− 0.040x3 − 0.115x4 − 0.013x5 − 0.288x6 + β9x9 + 0.025x12

+ β19x19 + 0.029x20 + 0.161x21 + β22x22 + β23x23 + εi

(4)
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.

Model B was defined by dredge as

Separation Rate =0.351− 0.040x3 − 0.115x4 − 0.013x5 − 0.285x6 + 2.204e− 03x7

+ β9x9 + 0.025x12 + β19x19 + 0.029x20 + 0.161x21 + β22x22

+ β23x23 + εi

(5)

.

Model C was defined by dredge as

Separation Rate =0.325− 0.043x3 − 0.118x4 − 0.013x5 − 0.285x6 + β9x9

+ 0.024x12 + β19x19 + 0.029x20 + 0.161x21 + β23x23 + εi

(6)

.

Four of the variables, x9, x19, x22, and x23, do not have coefficients in Equations

4-6 because their effects were negligible in the model compared to other variables.

Nevertheless, they are still included in the model comparison process and are repre-

sented symbolically. The key statistics for model comparison were R2, R2
adj, Mallow’s

Cp, AIC, and PRESS. The most important statistic for this analysis was PRESS

because the overall goal was maximum predictive power. The top three models as

recommended by the dredge() function are summarized in Table 2.

Table 2. Dredge Output Statistics

Model R2 R2
adj MSResidual Mallow’s Cp df AICc PRESS

A 0.107 0.106 0.338 491.351 19 34704.700 6689.587
B 0.107 0.106 0.338 493.113 20 34706.470 6690.076
C 0.106 0.106 0.338 499.538 18 34712.660 6692.179

The subset regression model statistics and model adequacy checks are shown in

the Reduced Model Analysis section of the Appendix. The normal Q-Q and residual

plots did not raise suspicions of violations of the normality or constant variance
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assumptions. The complete model adequacy checking process is shown in Appendix

B, Figures 28 through 36.

The best subset model from the comparative modeling analysis was Model C -

Equation 6. All three models performed almost exactly the same for R2, Adjusted R2,

and MSResidual. As emphasized earlier, the objective of the final model was maxi-

mum predictive power. Thus, selecting the model with the highest PRESS statistic

was the priority. Model C’s PRESS is the highest among the models at 6692.179.

Model C was the only one of the three evaluated to include the variable for PhD

attainment but not the one for for Master’s attainment. Intuitively, it follows that

multicollinearity would be present between these two variables. Both measure higher

education degree attainment. However, in many fields, a Master’s degree is a prereq-

uisite to a PhD. Although the VIF criterion did not reveal severe multicollinearity

between the variables in the full model, closer consideration and analyst judgment

confirmed the suspicion to only include one for a more parsimonious model.

4.3 Prediction for Validation Data

The final step in the regression analysis was testing the predictive power of the

chosen model. The subset model C from the multiple regression was applied to the

validation data set aside from 2018-2019. Model C tested if the prediction intervals

contained the true 2018-2019 separation rates for specific AFSCs. Prediction inter-

vals were produced for 20 individual AFSC. The prediction interval for the 35B was

excluded because of the consolidation of the 35B and 35P fields as one grouping of

Public Affairs.

The process for model validation included the same data cleaning, manipulation,

and transformation process as the training data set. The same variable transforma-

tions were applied to the response and regressors. Skewness in particular was a main
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issue to address. The same reciprocal and
√
x6max − x6 transformations were applied

to mitigate skewness among the regressors. Additionally, the response variable was

changed to be strictly positive values so that a logarithm transformation could be

applied. The prediction interval was the final output into how accurately Model C

predicted the Separation Rate.

Figure 11. R Prediction Interval for Validation Data

Figure 11 shows a summary for the individual AFSC prediction intervals. The

black plotted points are the observed separations, by AFSC. The red lines are Model

C’s prediction intervals for the validation data in Figure 11. 9 out of the 20 AFSCs

were accurately predicted with Model C. Those AFSCs are 11X, 12X, 13X, 14X, 17D,

18A, 21A, 62E, and 63A. Thus, for each of these AFSCs, it was possible to confirm

their individual separation rate with 95% prediction confidence. That is, the true

mean of the AFSC’s separation rate lies within the 95% prediction interval.

The inability to successfully predict the other 11 AFSCs likely stemmed from a

low R2. This may be due to unobservable factors the model did not account for.

Further research, such as including more significant regressors to increase R2 or an
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alternative approach to explaining Separation Rate altogether, is needed to address

the issues with this portion of the analysis.

4.3.1 Regression Analysis Conclusion

In conclusion, select economic leading indicators and demographic variables do

improve the quality of regression analysis models of officer attrition. New Business

Formations and New Durable Goods Orders (x5 and x6) particularly proved valu-

able in explaining the Separation Rate. YOS proved significant and should not be

replaced as the primary metric in retention models. Overall, the regression analy-

sis concluded that the two leading economic indicators should be used in addition to

YOS to measure attrition. New Business Formations and New Durable Goods Orders

are not strict replacements for YOS.

Due to the noisy, complex nature of data that was based on erratic, irrational hu-

man behavior, the selected model requires more quality inputs to confidently predict

future attrition rates for various AFSCs. In short, there is too much unaccounted

for variability among the data. The validation data confirmed this notion as it was

possible to confirm the true mean of the separation rate of the prediction interval with

95% confidence for only 9 of the 20 evaluated AFSCs. The primary takeaway was the

confirmation that two leading economic indicators, along with YOS, are significant

variables in attrition models. The multivariate analysis that measured the predictive

power of the model is discussed next.

4.4 Predictive Multivariate Analysis

The multivariate analysis featured key predictive modeling techniques available

with JMP Pro 15. Specifically, it focused on classification trees and forests, predictor

screening, and neural networks. Model C was applied to the 2018-2019 validation
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data. This section reports the results for each of the multivariate techniques used.

4.4.1 Initial Examination

The 2018-2019 validation data was the data set for this portion of the analysis.

Model C’s, Equation 6, regressors were the focus. The initial examination consisted

of confirming the proper variable types and transformations, fitting the model with

the relevant variables, and examining the output for the proper patterns that should

match the linear regression conclusions. Figures 12 and 13 display the fit model

output.

Figure 12. JMP Fit Model Output
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Figure 13. JMP Fit Model Output
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4.4.2 Classification Tree and Forests

Decision trees are the first predictive technique applied to the validation data.

Splits were manually determined at both three and four trees. The three split decision

tree had a R2 value of 0.38, and the four split tree improved with a R2 of 0.40. Figures

14 and 15 show the column contribution results for both of these splits. The most

important conclusion from the decision trees was that the majority of the portion of

the trees are contributed by the x5 and x6 variables. Combined, x5 and x6 contributed

approximately 93% of the entire tree predictability. The next highest contributing

variable was x4, YOS, at approximately 6.6%.

Figure 14. JMP Decision Tree Splits=3 Column Contributions
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Figure 15. JMP Decision Tree Splits=4 Column Contributions

The boosted trees approach eliminated some of the overfitting of the data that

decisions trees are prone to. The boosted tree had 50 layers with three splits per tree.

This technique improved upon the overall statistics compared to the single decision

tree method, as demonstrated by an increased R2 of 0.53. Figure 16 shows the

column contributions. x5 and x6 contributed approximately 87% together. However,

compared to the single tree, this technique concluded x4, x3, x9, and x19 jointly

contribute less than 5%. The bootstrap forest ensemble method, shown in Figure

17 further improved the accuracy of the model. Although the R2 drops to 0.47, the

ensemble method approach of random forest was more accurate in explaining the

data. Variable x4s contribution increased from a portion of only 5% to 13%. Again,

x5 and x6 contributed a majority of the portion at approximately 74%. Variable x3

contributed 7%. Variables x9, x19, x12, x23, x20, and x21 contributed the remaining

5.6%. The conclusion from the ensemble method was that the leading economic

indicators contributed the most significance at approximately 74%, followed by YOS

and grade with 13%, and the various demographic variables contributed minimally

with only approximately 6%.
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Figure 16. JMP Boosted Tree Splits=3 per Tree Column Contributions

Figure 17. JMP Bootstrap Forest Column Contributions

4.4.3 Predictor Screening

The predictor screening report ranked the variables based on their contribution of

predicting the response variable. Since this technique is based on a bootstrap forest

approach with 100 decision trees in each forest, it makes sense the report mimics the

results from the classification tree and forest methods in the previous section. Figure

18 shows the JMP predictor screening report.
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Figure 18. JMP Predictor Screening Report

Figure 19 reports the conclusion of the predictor screening report from JMP.

Variables x5 and x6 together contributed approximately 71%, and x4 and x3 account

for 24% of the model’s total predictive power. The remaining demographic variables

contributed less than 5% of predictive power to the model. The economic indicators,

YOS, and grade attributed 95% of the total predictive power of the model. This

further solidified the conclusion that the two leading economic indicators and YOS

should be used.

Figure 19. Variable Type Contribution to Predictive Power
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4.4.4 Neural Networks

Neural networks was the final multivariate technique applied to this data. It

captured the complex non-linear relationships in this data, which was very difficult

for the linear regression and multivariate techniques to complete. The baseline model

served as a benchmark and was based on three nodes in the first of two layers using

only the TanH function. Figure 20 reports the baseline neural network summary.

The complex model took advantage of all three activation functions in the NN

feature within JMP. Using all three functions was valuable because certain models

may benefit more from one function than another, but it was difficult to determine

which was the best without a complicated deep-dive into the data. Thus, all three

functions were used as a mix for the complex model to attempt to cover as much

ground as possible. Figure 21 reports the complex neural network summary. Figures

22 and 23 show the baseline and complex diagrams. Note how much more intricate

the complex models diagram was and its improved model summary statistics. The

R2 increased from 0.44 for the baseline to 0.61 for the complex model. That was the

highest R2 seen in this entire analysis and demonstrates perhaps a linear regression

approach is not adequate for the complex data of modeling retention. Suggestions

building on this notion are discussed Chapter 5.
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Figure 20. JMP NN Baseline Summary
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Figure 21. JMP NN Complex Summary
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Figure 22. JMP NN Base Diagram
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Figure 23. JMP NN Complex Diagram

4.4.5 Multivariate Conclusion

The multivariate portion of the analysis further explored the predictive power of

the regressors in Model C to both explain the variability and predict Separation Rate.

All three multivariate techniques concluded that New Business Formations and New

Durable Goods Orders are the two variables to best predict Separation Rate in Model

C. Therefore, it was possible to conclude with confidence that these leading economic

indicators should be included in the retention models the Air Force uses to track and

predict officer attrition.
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V. Conclusions and Recommendations

5.1 Conclusions

This research began with an exploratory analysis to examine any significant re-

lationships between the leading economic variables and the personnel data. Several

linear regression models were evaluated using a curated master data set of combined

personnel and external economic data sets. From there, the question of the best fit-

ting predictive model was answered. The best model contained the leading economic

indicators of New Business Formations and New Durable Goods Orders, as well as

YOS. All three variables should be used in future force sustainment models due to

their strong significance and potential for prediction. However, the model’s predic-

tive success to forecast future attrition was varied. With 95% individual confidence,

Model C only successfully predicted 9 out of the 20 AFSC separation rates for the

validation data. While issues of multicollinearity, transformations, and adding seem-

ingly important regressors were properly addressed, there still remained too much

unaccounted-for variability in the model. A multivariate analysis was then applied to

the best model from the regression analysis. That multivariate analysis addressed the

model’s potential for prediction and which specific variables contribute the most pre-

dictive power. The findings of that portion of the research underlined the importance

of identifying statistically significant variables to include in sustainment models. The

two variables found the most statistically significant in both the linear regression and

multivariate analysis were New Business Formations and New Durable Goods Or-

ders. In addition, YOS should remain as the primary metric for measuring attrition

in sustainment models.
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5.2 Recommendations

Sustainment models that are clearly defined with statistically significant variables

are critical for HAF to maintain a fully-mission capable officer corps. This analysis

included more demographic variables as recommended by Pujats [23], years of ser-

vice, and various leading economic indicators to examine their power in explaining

and predicting attrition. This research concluded that two specific leading economic

indicators, New Business Formations and New Durable Goods Orders, improve at-

trition models when combined with years of service. While years of service remains

a key indicator for attrition, it is not the only insightful one. As a result of such

model implementation, leadership has higher-quality, more scoped results to better

inform their decision-making when determining career sizes, retention bonuses, and

widespread force shaping.

There are many unexplored avenues for future and follow-on work for this research.

Some recommendations are to perform logistic regression on individual observations,

focus on the demographic features, introduce more lagging variables, incorporate the

Auto-Regressive Integrated Moving Average (ARIMA) model forecasting and apply

robust regression technique.

This research performed strict linear regression on the continuous numeric depen-

dent variable of AFSC-specific separation rate. Individual attrition should be con-

sidered a priority in continuing this work. Examining and predicting the likelihood

of an individual separating would be one way to scope this model down even further.

While this research did identify key demographics that improve the accuracy of the

model, such as PhD attainment, assumptions were generalized across career fields. A

binary classification of separate versus remain in force using logistic regression may

identify patterns of behavior among similar groups.

Inclusion of more demographic variables could help increase R2 value of the model.
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The final attrition prediction intervals were not successful for all AFSCs. One method

to remedy this is to identify and include better regressors in the model. Moreover,

increased focus on identifying more significant demographic variables could reveal

insightful conclusions not yet explored. A couple demographic variables that were

identified as minimally significant from this analysis were sex, number of dependents,

source of commissioning, and PhD attainment.

Based on the DoD’s recommendation for Airmen to begin planning their separa-

tion 12 months in advance, 12 months was the time frame used to lag the leading

economic indicators. The next iteration of this research could include more lag times

for both the economic and demographic variables. Including 6 and 18 month lags on

the leading economic indicators could better capture the accuracy of how economic

health and demographic features influence attrition.

Lastly, ARIMA was commonly used in previous related research to more accu-

rately forecast based on the trends in the data itself. It can also provide prediction

and confidence intervals of forecasted attrition. Robust regression is a technique to

use when data are contaminated with outliers and influential points. Attrition data is

riddled with such points because it is real-life data. Robust regression is an alterna-

tive to least squares regression because it identifies where such influential observations

occur and weighs them differently than the well-behaved observations. As a result,

the impact of outlier points is drastically reduced. Since the bulk of the outliers

and influential points in this analysis were identified but untouched, applying robust

regression would be valuable to explore.
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Appendix A: Transformations

Figure 24. R Output for Reciprocal Transformation lm Summary Statistics
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Figure 25. R Output for Reciprocal Transformation lm ANOVA Statistics and VIFs
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Figure 26. R Output for Reciprocal Transformation Normal Q-Q Plot
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Figure 27. Reciprocal Transformation Residual Plot
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Appendix B: Reduced Model Analysis

Figure 28. R Output for Model A Normal Q-Q Plot
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Figure 29. R Output for Model A Residual Plot

Figure 30. R Output for Model A Residuals vs Time Order
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Figure 31. R Output for Model B Normal Q-Q Plot

Figure 32. R Output for Model B Residual Plot
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Figure 33. R Output for Model B Residuals vs Time Order

Figure 34. R Output for Model C Normal Q-Q Plot
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Figure 35. R Output for Model C Residual Plot

Figure 36. R Output for Model C Residuals vs Time Order
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