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Abstract 

Emergency demands for aircraft parts, MICAPs (Mission Impaired Capability 

Awaiting Parts) are one of the leading issues affecting mission capability supply rates for 

fighter aircraft.  Cause code H MICAPS, those with a known demand level, but no supply 

available, are particularly troublesome and difficult to resolve.  These MICAPS are due 

to failures by the supply chain to replenish stock levels within acceptable time limits.  

Numerous studies have identified a clear need for proactive measures to reduce MICAP 

hours.  This would significantly improve aircraft availability.  This study uses regression 

analysis implemented in JMP software to build models with a goal of predicting future 

MICAP hours for F-16 cause code H MICAPs.  Four regression techniques, simple linear 

regression, multiple regression, stepwise multiple regression, and principal component 

analysis are applied.  The data assembled for this analysis includes historical MICAP and 

demand data for F-16 NSNs (National Stock Number) identified as past top drivers of 

MICAPs for the F-16.  The predictions from these models were systematically compared 

and filtered based on the error rates.  This data assembly, model development, and model 

comparison effort establishes a methodology for developing accurate predictions of 

future MICAP hours. There seems to be significant potential for improvement in forecast 

accuracy with targeted models on subsets of NSNs.  These predictive models can be used 

to direct proactive measures to reduce and prevent MICAPs, thereby increasing 

availability and readiness across a fleet of fighter aircraft. 
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PREDICTING F-16 CAUSE CODE H MICAP HOURS USING JMP 

REGRESSION ANALYSIS 

 

I.  Introduction 

 MICAPs (Mission Impaired Capability – Awaiting Parts) are emergency demands 

for a supply part or parts that affect the mission capability of an Air Force weapon 

system.  These MICAPs can render an aircraft partially mission capable or non-mission 

capable - where an aircraft cannot be used until the needed part is received to render the 

aircraft fully mission capable.  Thus MICAPS lead to a significant decrease in readiness 

and aircraft availability.  Cause code H MICAPS are MICAPs where there is a 

historically established demand level for the given part needed, however, none are 

immediately available in the supply chain.  In addition, the demand is not filled within 

the acceptable time limits set by the Uniform Materiel Movement and Issue Priority 

System (UMMIPS).  This leads to the MICAPs accumulating high levels of MICAP 

hours, which is the length of time the MICAP is left unresolved.  This results in extended 

downtime for the aircraft.  These MICAPs have been a leading issue, especially for 

Fighter Aircraft, and the systemic resolution is an opportunity that has a great return on 

investment for the Air Force. 

 These MICAPs can be the result of a variety of issues including Diminishing 

Manufacturing Sources and Material Shortages (DMSMS) for the parts, long contract 

lead times in the production of the parts, and a system of delays in acquiring Awaiting 

Parts (AWPs) for a subcomponent of a larger end-item in demand.  Numerous studies 

have recommended the need for proactive action to alleviate these issues and thus prevent 

and reduce future cause code H MICAPs and increase readiness across the fleet. 
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 The purpose of this research is to determine if there is any correlation in historical 

cause code H MICAPs in the Air Force’s fighter fleet that can be leveraged in a model.  

Such models could be used to enact changes in processes, practices, or resourcing to 

expedite the resolution of current MICAPs and reduce future ones.  This would increase 

mission capability and aircraft availability.   

The specific activities in this research are to create a set of predictive models to 

forecast future levels of MICAP hours for F-16 cause code H MICAPS.  This was 

initiated by acquiring MICAP and demand data for leading NSNs (National Stock 

Numbers) with cause code H MICAPS from 2017 to 2020. This data was acquired from 

the 635 Supply Chain Operations Wing, aggregated monthly, and used in various linear 

regression techniques using JMP software.  The four methods used were, simple linear 

regression of one historical variable, multiple linear regression of one variable type at 

multiple points in time, stepwise multiple regression of many variable types at various 

points in time, and the use of Principle Component Analysis (PCA) of all variables over 

the given time range to create a new set of variables with reduced correlation for use in 

multiple regression models.  This is done in order to create sets of models at three 

intervals of prediction to forecast future MICAP hours for each NSN.  The best models 

are identified by the lowest error rates.  Each of the four regression techniques were used 

to develop numerous models in four phases and then the best of each technique at each 

forecast interval with the lowest errors were evaluated in a final phase to determine the 

best overall on a separate subset of the data. 
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 Results from this study show relatively high error rates for all models developed 

compared to the least squared mean for the monthly MICAP Total Hours, with the 

Stepwise Multiple Regression models performing best across all three intervals of 

prediction.  Application of the models, which were developed on the data set as a whole, 

showed potential for improvement when applied to various subsets of categorical 

variables with separate distributions of MICAP total hours and indicate the need for the 

future development of more accurate models, using specific subsets of NSNs. 

 The Literature Review in the following chapter reviews the three major sources of 

cause code H MICAPs, Diminishing Manufacturing Sources and Material Shortages 

(DMSMS), Awaiting Parts (AWPs) and Spares, and finally long contract lead times.  It 

also covers relevant research on the Air Force’s efforts to reduce MICAPs.  In addition, 

the Literature Review summarizes similar studies where various forecasting models are 

used on multivariate data and compared by their error rates.  The Data Collection chapter 

covers the collection of the data with the 635 Supply Chain Operations Wing (SCOW), 

how the data is structured, and the variables used along with information on their 

distribution and correlations.  The Methodology chapter introduces the four model types 

used, simple linear regression, multiple regression, stepwise multiple regression, and 

principal component analysis, along with the experimental design for this study.  The 

Analysis and Results chapter presents and compares the results of models created in the 

four phases using the validation set. The final comparison uses the test set along with 

categorical breakouts of the models.  Finally, in the Conclusion chapter, final results are 
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discussed, including which method performed best.  In addition, this chapter recommends 

some action in the supply chain and areas for further research and model development. 

 

II. Literature Review 

Overview 

In response to the Secretary of Defense MC 80 Initiative to have fighter aircraft 

weapon systems at a mission capability rate of 80% by the end of fiscal year 2019, there 

was a massive effort to increase the readiness.  The Perduco Group completed an analysis 

of the F-16 MICAPs from 2017 to 2019 for the Air Force Materiel Command (AFMC) to 

determine the effectiveness of their efforts.  This analysis concluded that reducing future 

cause code H MICAPs needed support from the Air Force Sustainment Center (AFSC) 

working with sources of supply to implement sustainable and long-term corrective 

actions.  It highlighted multiple issues within the supply chain that lead to an increase of 

cause code H MICAPs, including long lead time contracts, diminishing manufacturing 

sources and materiel shortages (DMSMS), and bits and pieces also known as awaiting 

parts (AWPs) (Johnstone & Chandler, 2019). 

Diminishing Manufacturing Sources and Materiel Shortages and Obsolescence 

Maddux (1999) describes the impact of Diminishing Manufacturing Sources and 

Materiel Shortages (DMSMS) on spare parts for the US Army Aviation & Missile 

Command.  DMSMS is caused by the obsolescence and unavailability of spare parts and 

components for weapon systems.  This has a negative impact on life cycle supportability 

of weapon systems.  Assessment methods to mitigate DMSMS components need to be 
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continuously refined.  In addition, alternative sources, parts, and substitutes need to be 

identified for unavailable or obsolete components. Lastly, opportunities for the 

introduction of new technologies into weapon systems must be. 

Livingston (2000) describes DMSMS management strategies. It develops a 

breakdown of weapon systems’ life cycles in six stages from introduction to phase out.   

DMSMS for components increases as systems age.  Thus, supply chains must transition 

from reactive short-term actions to implementing proactive mitigation strategies driven 

by technology.  Important aspects of this proactive strategy include improving the 

software on commercially open platforms, identifying critical technological components 

and finding alternatives for them, and lifetime buys of assets and bridge buys to 

compensate for DMSMS. 

Kobren, Melnikow, and Robinson (2005) addresses DMSMS strategies arguing 

that the development of such a strategy is the responsibility of the program manager 

(PM).  Furthermore, the strategy must be designed in close coordination with the original 

equipment manufacturer (OEM) of a component.  Proactive and early planning for 

DMSMS is key in the production design with open systems.  When DMSMS mitigation 

reactively, production extensions, redefined requirements, redesigning, and information 

sharing are all useful tools. 

Sandborn, Prabhakar, and Ahmad (2011) studies microelectronics DMSMS in 

commercial markets.  The recommendations focus on the necessity for forecast accuracy, 

and once again highlight the need to be more proactive than reactive.  An important 

driver of success in managing DMSMS in this commercial context is communication 
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with the manufacturer on expected production, leading to increased forecast accuracy.  In 

addition, past trends are valid predictors of obsolescence in the future.  In particular, age 

is a driving factor leading to problems with DMSMS, accelerated by rapidly changing 

technology. 

Miller (2012) conducts a multiple case study into DMSMS of electronic 

components for the US Air Force.  The research includes issues from the F-22, B-2, E-3, 

and RQ-4B weapon systems.  It establishes best practices necessary to handle the 

growing DMSMS problem.  The case studies reinforce that both proactive and reactive 

mitigation strategies are necessary in practice.  With that as a backdrop, a greater return 

on investment was observed from the use of proactive strategies.  The key to proactive 

strategies is the evaluation and use of predictive tools that assess the health of the supply 

chain continuously. 

Zolghadri, Addouche, Boisse, and Richard (2018) describes a case study from the 

automobile industry.  The case involves the implementation of a Bayesian model for 

predicting parts obsolescence.  This approach establishes three categories for mitigation 

strategies: (1) reactive strategies responding to current or upcoming obsolescence; (2) 

proactive strategies predicting the health of critical assets; and (3) strategic management 

which mitigates obsolescence risks during the design phase.  The results emphasize that 

items with long life cycles need strategies focused on sustainment.  Alternatively, short 

life cycle items benefit from mass production of assets.  The implementation used 

software to model assets, representing cost and delay as networks of nodes. 
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Awaiting Parts and Spares 

 Awaiting Parts (AWPs) and Spares are an issue when the production, repair, or 

replacement of a larger end item is delayed by the procurement or repair of a 

subcomponent to that end item.  These delays can have a compounding effect in the time 

it takes to return a weapon system back to its full mission capability, best represented by 

the build-up of MICAP hours for an NSN. 

Huber (1985) investigates the sensitivity of Awaiting Parts (AWPs’) at a base to 

variables describing the state of the depot repair cycle.  Based on this investigation, 

Huber determined that little could be achieved from base-level initiatives.  The analysis 

was based on using the Dyna-Metric supply system to more effectively manage reparable 

item inventories.  The examples use data from ten Line Replaceable Unit (LRU) items in 

AWP status from the KC-135A fleet with long delays.  Reparable in-transit days and 

depot shop flow were two variables that had the greatest impact on AWPs. 

Levy and Jondrow (1990) discusses the effects of Readiness Based Sparing (RBS) 

processes on weapon system availability.  In the past, supply requirements for weapon 

systems onboard a ship were determined by historical replacement rates.  Levy and 

Jondrow studied two weapon systems, the AN/SPG-55B fire control radar, and the Mk 15 

Close-in weapon system.  Data from the Nonexpendable Shipboard Equipment Status 

Long (NAVSEA 4855 data) supported a comparison of the following before and after the 

RBS implementation: weapons system availability, AWP events, and time awaiting parts.  

This analysis determined that RBS increased weapon system availability by 3-4% and 3-

5% respectively for these systems. 
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Eitan (1990) develops a model for Awaiting Parts Time for Naval aircraft spares. 

The goal of the model was to create more accurate Aviation Consolidated Allowance 

Lists (AVCAL) used for Readiness Based Sparing (RBS) on a ship.  The model was 

based on the failure rates of Weapon Reparable Assemblies (WRA) and their Shop 

Replaceable Assemblies (SRA) subcomponents.  One SRA failure was expected to 

accumulate Awaiting Parts Time very quickly. The final model from this effort was too 

computationally intensive to be used in a full-scale application. 

Muno and Pezoules (1997) addresses the resupply of Line Replaceable Units 

(LRUs) for F-16 MICAPs.  LRUs are items that are removed from a larger end item, 

replaced, and then sent to the depot for repair.  The analysis used the theory of constraints 

to assess five stock numbers in the enterprise over three months of shipping records. The 

analysis showed that the most significant delays were caused by improper planning of 

asset shipments which exacerbated the bottlenecks in the transportation process. 

Manship & Moore (2000) addresses the excessive levels of assets in Awaiting 

Parts status, with a particular focus on LRUs and SRUs.  Analysis of AWPs from the 

EXPRESS system determined that many assets are in AWP status for extended periods at 

the base level.  Manship and Moore proposed new business rules to redistribute AWP 

SRUs from bases with significant backlogs to other bases with lower AWP levels so that 

the assets can be repaired more quickly and returned for use. 

Slay, Burleson, and Meyenburg (2000) studies the issue of spare part 

requirements for strategic airlift weapons systems.  The findings focus on the benefits of 

improved computation of Mobility Readiness Spares Packages (MRSP) using the Aircraft 
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Sustainability Model (ASM).  This model computes requirements in the tactical 

environment.  Inaccuracies occur between the requirements of the In-place Readiness 

Spares Packages (IRSP) at the Main Operating Base (MOB) of the weapon system, and 

the MRSP for the aircraft in the deployed environment. 

Carter and London (2000) explores excessive AWP Line Replaceable Units 

(LRU) and argues that insufficient information on the needed repair parts was entered 

into the EXPRESS system.  This led to an enormous number of backorders in the system, 

with a negative effect on MICAPs. The recommended solution called for the LRU 

requirements to be used in a model to determine the repair part stockage levels.  The 

model highlighted the potential to use probability theory to calculate the correct levels. 

Long Contract Lead Times 

Chen, Drezner, Ryan, and Simchi-Levi (2000) studies the bullwhip effect.  The effect 

is measured by the amplification of demand variability as one moves further up a supply 

chain.  This paper uses a model of a two-stage supply chain with one manufacturer and 

one retailer to demonstrate the effect. The model is then used to show that by centralizing 

demand information (making it available at every stage of the supply chain), the bullwhip 

effect can be significantly decreased. 

 Song, Yano, and Larssrisuriya (2000) studies the effects of demand and lead time 

uncertainty.  The obsolescence of electronic components can lead to final order demand 

variability.  This paper utilized a model of a make-to-order situation for a single customer 

with demand uncertainty, multiple components in production with random lead times, 
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and a fixed due date.  The results showed that lead time uncertainty had a much more 

significant impact on performance than demand variability. 

 Dolgui and Ould-Louly (2002) surveys existing optimization models that include 

planned lead times for reducing expensive backlogs and holding costs.  The survey 

included both single and multi-item models, with a single-level of production. Demand is 

constant and lead time is random in each of the models.  The paper then proposes an 

original approach using an auxiliary Markov chain based on the Materiel Requirements 

Planning (MRP) Method.  This leads to optimal control policies in some of the cases 

studied.  However, more work was required to develop effective approaches for general 

use. 

 De Treville, Shapiro, and Hameri (2004) focuses on the roles of the transfer of 

demand information and supply lead time reduction in improving demand chain 

performance.  The paper develops a typology of various supply chains according to lead 

times.  The proposed framework allows for prioritized efforts in the reduction of supply 

lead times.  Lead time reduction was identified as far more efficient than the sharing of 

demand information across the chain in improving performance. 

 Leng and Parler (2009) introduced a game theoretic model of a two-level supply 

chain with a supplier and a retailer, with a goal of lead-time reduction.  The model 

partitions production lead time into three parts: set up time, production time, and shipping 

time.  The results indicate that the implementation of profit-sharing contracts if designed 

properly, could be an effective way to reduce lead time and increase coordination within 

the supply chain. 
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 Peltz et al. (2015) studies supply chain agility for the Defense Logistics Agency 

(DLA).  This effort found that reduction of Production Lead Time (PLT) was not an area 

of focus in the DLA’s acquisitions processes.  With items that are unique to military 

applications that have a limited supply base, buyers do not consider PLT reduction in the 

bid selection process regularly.  They generally accept lead times that are consistent with 

historical records. 

Other Relevant Research 

There are a number of reports on related topics, as well as related AFIT theses, 

that are relevant to forecasting MICAP cause code H hours.  Greer and Moon (1981) 

studies base-level supply management indicators that were used at the time.  This survey-

based approach collected information about a comprehensive list of sixteen indicators 

across four major commands.  The survey covered three major fields: stockage support 

indicators, not mission capable supply indicators, and warehouse shortage indicators.  

The overall conclusions emphasized that the majority of management indicators at the 

time were being vastly underutilized by the population of mostly young and 

inexperienced supply officers.  These officers did not utilize or comprehend the 

indicators and were unprepared to take appropriate corrective actions when negative 

trends were shown by the indicators.  Finally, the authors recommended the development 

of a comprehensive manual to document and aid decision makers. 

Blazer (1984) studies the effectiveness of the Air Force’s demand forecasting 

efforts.  This Air Force Logistics Management Center report compares various 

forecasting methods that were in use at the time.  The comparison is based on demand 
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averages, demand variation, and their impact on safety stocks.  Blazer’s study found that 

the demand pattern forecasts were satisfactory, however, the safety stock quantities from 

an economic order quantity model were inadequate.  Additionally, the Department of 

Defense’s policy constrained the allowable safety level and limited the Air Force from 

achieving its objective.  The report concludes that the USAF could decrease MICAP 

occurrences by an average of four percent if computations of supply safety levels 

included accurate measures of demand variation and order shipment times. 

Ingram (2020) studies the impact that Weapon System Sustainment (WSS) 

activities have on Aircraft Availability.  A significant contribution of this AFIT thesis is 

establishing the lead times needed for leadership and decision-makers to positively 

impact Aircraft Availability.  These lead times were established through a study of time 

lags using an Ordinary Least Squares Regression model.  This research focused on four 

aspects of WSS: Technical Orders, Sustainment Engineering, Contractor Logistics 

Support, and Depot Purchased Equipment Maintenance.  The model estimated the 

percentage impact each of these WSS aspects had on Aircraft Availability holistically.  

The study computed the lead time in months needed by these business processes to 

benefit Aircraft Availability.  In addition, the analysis estimated the financial obligation 

to each process required to create a one percent improvement in Aircraft Availability. 

Forecasting Methods 

 There are numerous examples of academic studies that apply a range of 

forecasting techniques to multivariate data sets for a wide range of practical applications.  

The studies that are the primary focus here are centered on creating multiple prediction 
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models.  The studies then reduce the number of models, or rank their performance, 

through a comparison using an appropriate measure of forecast error.  Techniques from 

the literature in the field of predictive analytics and forecasting form the base that the 

methodology in this study is built on.   

 Drucker et al. (1997) introduces a new regression technique based on Vapnik’s 

concept of support vectors.  Known as Support Vector Regression (SVR), Drucker et al. 

apply the technique to a data set from the Boston Housing UCI database to predict the 

median price of housing in the Boston area.  The study compares SVR with a committee 

regression technique known as bagging.  Data is split into three groups: 80 percent of the 

set is assigned to the training set, 16 percent is assigned to the validation set, and the final 

4 percent is assigned to the test set.  The training set is used to fit new models being 

developed. The validation set is used to determine which of a group of models performs 

best on out-of-sample data.  The main benefit of this out-of-sample data is to identify 

models that are overfit on the training set. Finally, the test set is used to verify the 

effectiveness of a model.  Drucker et al end their study by comparing models from the 

two techniques by measuring their Mean Squared Error (MSE) and determine that 

Support Vector Regression was more effective. 

 Smith, Williams, and Oswald (2002) develops models predicting traffic flow.  

Using data from the United Kingdom’s MIDAS database of the London Orbital 

Motorway (M25), models represent continuous one-minute periods of traffic flow over 

three months using time-series sessional ARIMA, nonparametric regression, neural 
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networks, and heuristics.  The final analysis compares the Mean Absolute Percent Error 

(MAPE) of the models and determined that the ARIMA models were the most accurate.   

 In a study of demand for intermittent spare parts for a Chinese petrochemical 

enterprise, Hua and Zhang (2006) develops a collection of Support Vector Machines, 

Logistic Regression, and bootstrap method models.  With over fifteen thousand 

individual spare parts used in this industry, the research was limited to four thousand 

parts with useful historical data and further focused on only thirty parts that met the 

definition of intermittent demand.  The final analysis compares the models based on the 

mean error ratio to zero values, as well as the MAPE.  The analysis concluded that 

support vector machines were the most effective.   

 Inman, Anderson, and Harmon (2006) conducted a study to predict when new 

technology would be introduced in new weapon systems as military fighter aircraft in the 

United States’ fleet.  This study used a multivariate collection of data measuring the 

maximum mach number, mean flying hours between failures, payload, and range of 

missiles to predict the first year in flight of new weapon system designs from 1944 to 

1982.  They compared the use of Technology Forecasting using Data Envelopment 

Analysis (TFDEA) and regression-based modeling by measuring the deviation and 

residuals of the models and determined that TFDEA produced the most accurate results.  

Not only is Inman et al’s study a great example of comparing various forecasting models 

in an application concerning US fighter aircraft, but the study is also a clear example of 

using a multivariate data set to build models.   
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 Yip, Fan, and Chiang (2014) describes a study of maintenance cost for 

construction equipment.  Using both univariate and multivariate methods applying time 

series ARIMA, Box-Jenkins, and General Regression Neural Networks (GRNN) the 

study developed methods to quantify costs using fuel consumption data and maintenance 

costs at different monthly intervals.  Comparing the Mean Absolute Percent Error 

(MAPE) of the final models determined that the neural network models were the best at 

predicting the costs of equipment.   

 Kaytez et al. (2015) models energy consumption, comparing models based on  

Least Squared Support Vector Machines (LS-SVM), multiple linear regression, and 

neural networks.  The study uses data from electrical power and energy systems, and the 

models include factors such as installed capacity, gross electricity generation, population, 

and total subscribership.  Two distinct training and test sets are used in the analysis.   

Sum Squared Error (SSE), Root Mean Squared Error (RMSE), Max Error, and Mean 

Absolute Percent Error (MAPE) are computed for each model.  In the final comparison, 

R2 and Mean Squared Error are used to determine that the Least Squared Support Vector 

Machines were the most effective.   

The studies summarized in the preceding paragraphs describe several aspects of 

related published research that motivated the methods used in the research described in 

the following sections.  These include: (1) selection of study data from large datasets, (2) 

appropriate partitioning of data into time buckets, (3) the use of both univariate and 

multivariate approaches, (4) careful use of data to avoid overfitting of models, and (5) 
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selection of appropriate error metrics and benchmarks for model evaluation and 

comparison. 

 

III. Data Collection and Variables 

Data Collection 

 For this research, MICAP and demand data were collected for cause code H 

MICAPs for the F-16 weapon system, as was recommended in the findings of the 

Perduco report (Johnstone & Chandler, 2019).  After discussions with leadership and 

subject matter experts from the 438 Supply Chain Operations Squadron (SCOS) on what 

data was needed, the analysis cell from the 635 Supply Chain Operations Wing (SCOW) 

was enlisted to collect the required data.  Using LIMS-EV (Logistics, Installations, and 

Mission Support-Enterprise View) an overarching Air Force enterprise database, the 

SCOW provided data on every MICAP from all cause codes in the Air Force enterprise 

from January 2017 to December 2020.  From this data, the scope of the research was 

narrowed to the NSNs that had cause code H MICAPs over the three years.  1,546 NSNs 

were identified from this time period, and the scope was further focused on the top 100 

NSNs with the most cumulative number of MICAP incidents over the three years, and the 

top 100 NSNs with the highest cumulative total MICAP Hours.  Since many of the NSNs 

fell into both categories, a total of 136 NSNs were identified to be the main focus of the 

research.  As the NSNs accumulating the most incidents and hours, they are important 

drivers of the exponential growth in cause code H MICAPs. 
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This data identified many critical elements related to cause code H MICAPS.  In 

particular, this data includes total MICAP hours, the aspect that is used as the dependent 

(Y) variable in the models developed in this thesis research.  But more information was 

desired on the status of the supply chain during the time period in which the MICAPs 

occurred.  Therefore, demand and availability data for these NSNs were needed.  After 

further discussions with the SCOW analysis cell, acquiring availability data for each 

NSN over the three years was deemed a significant challenge. However, a workaround 

was provided by the SCOW within the demand data.  They provided a list of all Issue 

Requests (ISU) and Due-outs (DUO) for the NSNs from 2017 to 2019, pulled from 

LIMS-EV for all 1,546 NSNs first identified for F-16 cause code Hs.  The ISUs are 

supply transactions where the requested part is available and shipped. The DUOs are 

requests for parts when they are not available and the due-out or backorder is created 

until the part becomes available.  These values can be combined to represent the total 

demand.  Alternatively, they can be used separately to represent demand with availability 

and demand when the item is unavailable.  This list was filtered to only include 

transactions for F-16 weapon systems. 

Finally, the last set of data requested from the SCOW included the MICAP and 

demand data for the top 136 NSNs for 2020.  The SCOW provided the data in late 2020, 

covering January 2020 to November 2020, however, the November 2020 data were 

excluded due to a high volume of open MICAPs.  For this reason, the available 

November 2020 data would not represent a “full month” accurately.  32 of the 136 NSNs 

requested did not have MICAP incidents in 2020. 
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Variables 

 The following list provides a brief description of the continuous and categorical 

data collected for potential use in this study and for breakouts of the final models 

developed. 

• NSN – National Stock Number – label applied to a supply item within the federal 

supply system (AF/A4LR, 2020b) 

• Month – the time unit of measurement used to aggregate the continuous variables 

• MICAP – Mission Impaired Capability Awaiting Parts – an emergency demand 

for a supply item for a weapon system affecting its mission capability. (AF/A4LR, 

2020a) 

• Cause Code H – MICAP with historically established demand level for an NSN 

with no assets available in the supply chain to fill the requirement in allowable 

time limits (AF/A4LR, 2017) 

• MICAP Incidents (N) – The number of MICAPs that occur for an NSN in a given 

time period 

• MICAP Quantity – The quantity of the NSN needed to fill the given MICAP 

• Total MICAP Hours – The amount of time in hours that the MICAP remains 

unresolved 

• Price – The unit cost of an NSN for the MICAP 

• Total Demand Quantity – the sum of the ISUs and DUOs for an NSN in a given 

time period 
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• ISU – Item Customer Issue Requests – total quantity of the requisitions for an 

NSN where the asset was available and distributed to the customer when the 

requisition was initiated (AF/A4LR, 2017) 

• DUO – Due-Out – total quantity of the requisitions for an NSN where the asset 

was not available and thus not distributed to the customer when the requisition 

was initiated (AF/A4LR, 2017) 

• ERRC Code – alphanumeric code that indicates if the NSN is expendable, (the 

item is used in a weapon, removed upon failure, and then discarded), or a 

reparable asset, (the item is used in a weapon, removed upon failure, repaired, and 

then made available to be reinstalled in the weapon) (AF/A4LR, 2020a) 

• PD – An unknown variable from some of the LIMS-EV scripts used in the data 

collection with categories of various types of NSNs 

Distributions and Correlations of the Data 

 Cause Code H MICAPs are influenced by some of the most stubborn root causes, 

such as DMSMS, AWPs, and long contract lead times.  For this reason, Cause Code H 

MICAPs tend to accumulate excessive amounts of MICAP hours as they sit unresolved.  

Recall that the data considered here have been filtered to the top 136 NSNs that are 

leading drivers of Cause Code H MICAPs for the F-16.  For some instances in this 

filtered set, NSNs have in excess of 100,000 MICAP hours.  These extreme outliers may 

influence or distort the results and error rates of the models developed in this study.  

However, they are included in the study because these extreme values are some of the 
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most important to accurately predict, given the severe impact they have on readiness, 

aircraft availability, and mission capability. 

See Appendix A for Distribution of MICAP Hours in the Data Set 

 One of the limitations of this study was the use of all NSNs in the creation of 

models regardless of their variation of MICAP hours.  This is a known source of 

inaccuracy in P-values for statistical tests.  However, this limitation was not completely 

ignored. An Analysis of Variance (ANOVA) was conducted on MICAP hours with the 

categorical variables as independent variables.  Below is a table of the Least Squared 

Means (LSM) from this initial ANOVA. 

Table 1.  Least Squared Mean of MICAP Total Hours by Categorical Variables 

Least Squared Mean of MICAP Total Hours by Categorical Variables 

Overall Data Set 2251 

ERRC Code Expendable 1579 

Reparable 2922 

PD Accessories 1167 

Aircraft 1772 

Common Avionics 6109 

Electronic Warfare 360 

Instruments 943 

Landing Gear 3132 

Other 4329 

Power Systems 553 

Propulsion 662 

Unknown 3479 

 

See Appendix B for the ANOVA of Categorical Variables 

 From this initial ANOVA analysis for the categorical variables, a connecting 

letters report was generated to identify significant differences between the categories.  

The initial ANOVA identified few significant differences.  To remedy the identified non-
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homogeneous variance of error across the categories, the MICAP hours variable was 

transformed by adding one and taking the logarithm of the value.  This remedied the non-

homogeneity of the variance.  A second ANOVA on the transformed values showed a 

significant difference between the two ERRC Codes, and among many of the PD 

categories.  (The Fisher’s test in JMP was used for the comparisons with, 𝛼 = 0.05).  

This ANOVA analysis provided motivation for the breakout of the model performance by 

categories shown in the Categorical Breakout of Best Models section of the Analysis and 

Results. 

 Using the multivariate tool in JMP the correlations and a scatterplot of all 

variables were created.  These correlations represent the linear relationship between the 

variables and are shown below: 

 

Figure 1.  Correlations of Continuous Variables 

See Appendix C for Scatterplot of Continuous Variable Correlations 

Since the dependent (y) variable being predicted in the regression models is 

MICAP Total Hours, the focus is on the other correlations between this variable and each 

of the independent (x) variables.  MICAP Incidents (N) has the strongest correlation with 

MICAP Total Hours at 0.6802, followed by MICAP Quantity at 0.6575 then Due-Out 
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demand quantity at 0.1803, and finally total demand quantity with the lowest at 0.0384.  

Issue demand quantity and unit price both had negative correlations of relatively small 

magnitude.  These variables with weak correlations to MICAP Total Hours, play almost 

no role in the models developed.   

To take advantage of the correlation of MICAP Total Hours between time periods 

(i.e., time-series effects), its previous values should be useful in building regression 

models.  Other variables with substantial correlations to MICAP Total Hours within a 

period were also promising (MICAP data, MICAP incidents (N), and MICAP Quantity).  

Although the due-out demand quantity and total demand quantity showed significantly 

lower correlations in the preceding analysis, they were still non-zero. Thus they were 

included in the model building process. 

Data Structure in JMP 

 The raw data sets were lists of individual MICAP and supply transactions.  These 

spreadsheets were copied from their original excel files into JMP spreadsheets.  The 

tabulate and join functions in JMP were primarily used to organize and aggregate data as 

needed.  First, the list of raw data was aggregated monthly using the JMP tabulate 

function.  This allowed the creation of new tables with the sum value of all continuous 

variables for each NSN in every month in the data set.  Then using the join tables 

function, another table was created using a cartesian join of a list of all NSNs and a list of 

every month throughout the time period, resulting in a row for every NSN at every month 

and no other data.  This table was then joined with the tables with the numerical data so 

that months where a MICAP might have a value of zero in the continuous data would be 
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represented.  Finally, this data was merged with the categorical variables using another 

cartesian join function so that the final sheet included all variables for every NSN and 

month in the data set. 

 Once the data table with all variables broken out by each NSN for each month 

was created, new columns were created to include previous months' data.  This was done 

in order to have each month’s MICAP Total Hours be in the same row with values for 

each variable from one to six months previous to the value.  To do this, the columns were 

sorted by month, and then by NSN.  Then six empty columns were created next to every 

variable.  In those columns, formulas were entered with an offset in the table from one to 

six rows.  Since the table was sorted by time, this added the required information to each 

row. 

 Because the first six entries for each NSN would be pulling information from a 

different NSN, the rows for January 2017 to June 2017 all had to be excluded on the 

spreadsheet, so their information would not be used in the model building.  Also excluded 

were the row for November 2020.  Since the MICAP and demand data for that month 

was received before the end of November 2020, it was incomplete and could 

misrepresent actual cumulative values for the month. 

 

IV. Methodology 

Research Questions 

The purpose of this research was operationalized in the following research 

questions: 
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• Research Question 1: Can an accurate set of prediction models be developed to 

enable proactive efforts across the supply chain to reduce the occurrence of future 

cause code H MICAPs? 

• Research Question 2: Are predictions further in the future more useful than 

models that generate more short-term predictions? 

• Research Question 3: Should models be developed on a broad set of NSNs or 

should models be tailored to fit more narrow sets of data to improve accuracy? 

Model Construction 

Training, Validation, and Test Sets 

Fundamental Principles 

 The data set was partitioned into three sets using the validation function in JMP:  

The first set is the training set, which is used to construct and fit regression models.  The 

second set, validation, is used in the selection process to determine which of the many 

models created using the same technique is best.  Selection within one technique is based 

primarily on the lowest Root Average Squared Error (RASE).   Model R2 values were 

also considered. Finally, the third portion of the data, the test set, is used in the final 

model comparison between different techniques to determine which of the various types 

of models is best.  This final determination was on separate data from the training and 

validation sets.  This three-tiered model evaluation and comparison procedure was 

utilized to avoid models that are overfit on the training data, leading to less useful models 

(Klimberg et al., 2018). 
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Operations in JMP 

 Similar to the study by Drucker et. al, ratios of 0.80 (80% of the data) for the 

training set, 0.16 (16%) for the validation set, and 0.04 (4%) for the test set were used to 

partition the data (Drucker et al., 1997).  JMP’s validation functionality allows for a 

categorical variable column to be added to the data set and used for this purpose.  The 

preferred ratio is entered into a dialog in JMP.  JMP randomly assigns rows in the data to 

one of the three categories (training, validation, test) based on the ratio.  With this 

variable created, the data set was ready to be used to create numerous models using the 

techniques described in detail below. 

Linear Regression 

Fundamental Method 

Linear Regression is a technique that forms models centered on the correlation 

between a dependent y variable and one or more independent x variables.  The model can 

be expressed as follows: 

𝑦 =  𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 +  … + 𝛽𝑛𝑥𝑛 + 𝜀 

where y is the dependent variable, 𝑛 is the number of x variables considered, 𝛽0 is the 

intercept, 𝛽𝑖 is the rate of change for the independent variable 𝑥𝑖 where  𝑖 ∈ {1, ⋯ , 𝑛} and 

𝜀 is the error term (Bowerman et al., 2005).  Models that only use one independent x 

variable in the model are considered Simple Linear Regression.  Models using two or 

more x variables are considered Multiple Regression.   

 Probability value or p-value for model terms is used to determine whether the 

value for 𝛽𝑛 is statistically significant.  This p-value is computed based on a t distribution 
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for a hypothesis test with a null hypothesis of H0: 𝛽𝑛 = 0 and an alternative hypothesis 

Ha: 𝛽𝑛 ≠ 0.  It is typical to use  𝛼 = 0.05  as a threshold to determine whether to reject 

the null hypothesis H0.  If the p-value is greater than 0.05, then there is a failure to reject 

the null hypothesis and it cannot be disproven that 𝛽𝑖 = 0.  Therefore, the xi associated 

with the parameter estimate 𝛽𝑖 would not be significant in the regression equation, 

resulting in a product of zero.  However, if the p-value is less than or equal to 0.05, then 

there is strong evidence to reject the null hypothesis.  Based on this, the alternative 

hypothesis is concluded to be true.  This process results in a useful estimate of the 

parameter 𝛽𝑖 that can be used in a regression equation. (Bowerman et al., 2005). 

 The overall effectiveness is measured by the simple coefficient of determination 

(R2) and the error rate.  In this study, the Root Average Squared Error (RASE) is 

evaluated and used for model comparisons. 

R2 measures “the strength of the linear relationship between the response and the 

predictor” and can be calculated by dividing the explained variation, or variation 

explained by the model, by the total variation in the response of the model.  It can be 

calculated using the following equation: 

𝑅2 =  
∑(𝑦̂𝑖 − 𝑦̅)2

∑(𝑦𝑖 − 𝑦̅)2
 

Where 𝑦̂𝑖 is the predicted value, 𝑦̅ is the sample mean, and 𝑦𝑖 is the actual value.  

(Bowerman et al., 2005). 

 The Root Average Squared Error is “the square root of the mean squared 

prediction error” and is computed by finding the square root of the Sum Squared Error 

(SSE), the unexplained variation divided by the number of observations (n): 
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𝑅𝐴𝑆𝐸 =  √
𝑆𝑆𝐸

𝑛
=  √

∑(𝑦𝑖 − 𝑦̂𝑖)2

𝑛
 

Unlike the Root Mean Squared Error (RMSE) the RASE does not account for degrees of 

freedom (The Model Comparison Report, 2020). 

Operations in JMP 

 Creating regression models in JMP is a simple process.  First, a data table is 

created with one column of y variables and one or more columns of x variables.  Then, 

the ‘fit model’ item is selected and then a ‘Model Specifications’ window appears with a 

list of columns from the data table.  One column must be selected as the y variable and 

one or more columns can be selected as ‘model constructs’ which are the independent x 

variables.  If there are two or more columns of data being used in the model, interactions 

among the x variables can also be introduced.  This creates additional terms in the 

regression function.  In the jump model dialogue, interaction terms are created by 

selecting all variables that will be included in the interaction terms, selecting macros, and 

the factorial to degree function, with degree set to a value of two.  This adds model terms 

for all possible two-factor interactions.  Once the columns have been selected a column 

can be selected for the training, validation, and test set.  Separate models can also be 

created using a similar process when a categorical variable’s column is selected in the 

‘by’ field.  Finally, the “personality” item is set as ‘standard least squares’ and the 

emphasis is set at ‘minimal report’. 

 Once the model specifications are set, the user selects run, and a model report is 

generated.  In this report all parameter estimates, p-values, the R2 and RASE can be 
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found to evaluate the performance of the model.  The model can be saved and a new 

column of prediction values for the model can be added to the spreadsheet for further 

evaluation. 

Stepwise Multiple Regression 

Fundamental Method 

 Creating collections of models from numerous continuous variables at multiple 

time intervals, and with potential interactions can quickly create large numbers of 

increasingly complex models.  The complexity of navigating this enormous potential 

model space requires a more systematic approach to model creation and evaluation.  For 

this reason, a stepwise regression tool was used.   Stepwise regression allows a systematic 

exploration of a mix of many variables.  It can be used to create very compact models 

only using as many variables as are needed.  JMP implements stepwise regression and 

employs “an iterative model selection procedure, where at each step a single independent 

variable is added to or deleted from a regression model, and a new regression model is 

evaluated.” (Bowerman et al., 2005). 

 With a set dependent (y) variable, the stepwise tool requires a list of potential 

independent (x) variables to consider in a multiple regression model.  Once this is 

executed, a new window in JMP opens with the Stepwise Regression controls.  The p-

value from hypothesis tests for each potential model term can guide the search.  The 

magnitude of the model coefficient for each variable is related to the correlation of the 

potential independent x variable to the dependent y variable.  The user selects thresholds 

and these p-value thresholds are used as boundaries to create new models.  Stepwise 



 

29 

regression can work both forward (adding terms) or backward (removing terms) from an 

existing model.   

• In forward regression, the P-value for each potential new model term is compared 

to an entry bound (e.g. 0.05).  If the P-value for a potential new model term is less 

than the entry bound, it is added to the current model. 

• In backward regression, the P-value for each existing model term is compared to 

an exit bound (e.g. 0.25).  If the P-value for an existing model term is greater than 

the exit bound, it is removed from the current model.   

In its simplest form, forward regression starts with only a constant term in the model and 

adds x variables to the model using the entry bound.  In backward regression, the model 

starts with all available x variables and removes them using the exit bound.  A use of one 

or both of these approaches enables a focused exploration of the potential model space.  

(Variable selection in multiple regression, n.d.).  

With a higher number of independent x variables being included in the model, 

there is a risk of multicollinearity.  The Variance Inflation Factor (VIF) measures the 

multicollinearity of the jth independent variable, 𝑥𝑗, with other x variables using the 

following equation: 

𝑉𝐼𝐹𝑗 =  
1

1 −  𝑅𝑗
2 

𝑅𝑗
2 is the coefficient of determination for the regression model that relates 𝑥𝑗 to all the 

other independent variables.  𝑥𝑗 variables with a VIF greater than or equal to ten are 
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generally considered severely multicollinear and should be removed from the multiple 

regression model (Bowerman et al., 2005). 

Operations in JMP 

The model is first created using the fit model model specification.  This opens up 

a new window like the one used to create a standard regression model described 

previously with set y value and validation selected.  However, all potential x variables are 

selected for construct model effects and the model personality is changed to ‘Stepwise’.  

Once this is executed, a new window in JMP opens with the Stepwise Regression 

controls.  In this study, the stopping rule of ‘P-Value threshold’ is used set with the JMP 

default setting at a probability to enter and leave at 0.25 and 0.1 respectively.  When the 

stepwise tool is executed in JMP, the best model resulting from forward or backwards 

steps can be saved and a new column of prediction formula values can be added to the 

data table. 

The VIF of x variables can be found in the model report under ‘parameter 

estimates’.  If the multicollinearity of a variable is considered to be severe, the fit model 

dialogue can be reopened, the xj can be removed, and then the model can be run again, 

saved, and the new prediction formula can be added to the spreadsheet. 

Principle Component Analysis 

Fundamental Method 

 Principle Component Analysis (PCA) is a technique with two objectives in a large 

multivariate dataset; first to reduce a large collection of variables into a smaller set, and 

second, to reduce correlations between variables.  From two original x variables: 
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PCA assesses the structure of correlations among the variables by defining a set 

of underlying dimensions called components… The method of PCA transforms 

the variables into uncorrelated variables (with no common variation) that still 

preserves two sources of unique variation so that the total variation in the two 

variables remains the same (Klimberg & McCullough, 2018). 

Since the creation of the new components is based only on the variation of the x 

variables, the dependent y variable for the future regression model is not factored into the 

process. 

If k number of x variables are selected to be transformed, k new components will 

be generated by the procedure.  It is up to the user to determine a satisfactory number, n, 

out of the k components to use in the final regression models.  This is not an exact 

science but is based on the following three methods evaluating eigenvalues and 

cumulative percentage of variation: 

1. Finding an ‘elbow’ in the scree plot of eigenvalues by components and 

selecting only the components before the ‘elbow’. 

2. Only selecting components with eigenvalues greater than one. 

3. Only selecting the first set of n components that account for 70 to 80 

percent of the cumulative variation. 

An eigenvalue is a weight of the measure of variation in the original set of variables for 

each new principal component (Klimberg & McCullough, 2018).  Once a satisfactory 

number of principal components is determined, they can be used as a new set of x 

variables in regression models. 
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Operations in JMP 

 The set of principal components are automatically generated by JMP by selecting 

analyze, multivariate methods, then principal components.  In the model constructs of the 

principal components, the list of k independent x variable columns is selected for the y 

columns of the PCA and then executed.  The set of k components will be created in a new 

window with a list of eigenvalues, cumulative percentage of variation, and the scree plot. 

See Appendix D for Example List of Eigenvalues and Scree Plot 

 Once the n components out of the k are chosen they can be saved as new columns 

on the original data spreadsheet.  These new columns are used simply as new 

independent x variables to predict a dependent y variable in a multiple regression model. 

Experimental Design 

 Every model in this study is created using regression in JMP.  All models will be 

created to predict MICAP Total Hours; the dependent y variable at time t.  Models will be 

used to predict MICAP hours in three intervals: 

• three months in the future using data from three to six months previous to the y 

value 

• four months in the future using data from four to six months previous 

• five months in the future using data from five to six months previous. 

 Since the data is aggregated monthly, and each row in the spreadsheet 

representing one month for the NSN, the column of MICAP Total Hours is used as the y 

variable in the regression models.  By having other columns of previous x values all on 

the same row, predictions for future values of the y variable can be calculated. 
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Table 2.  Interval of Prediction for Regression Models 

Interval of Prediction for Regression Models 

Interval between 

predicted value and 

latest predictor 

input 

3 months in the 

future 

4 months in the 

future 

5 months in the 

future 

Range of predictor 

input data 

3 to 6 months 

previous 

4 to 6 months 

previous 

5 to 6 months 

previous 

 

Four categories of models will be used to create models in four phases: 

• Simple linear regression – using one column of a continuous variable from a 

month previous to the predicted value 

• Multiple Regression – using columns of the same continuous variable from 

multiple months previous to the predicted value 

• Stepwise Multiple Regression – using multiple continuous variables from 

multiple months previous to the predicted value 

• Principle Component Analysis – multiple regression models using columns of 

principal components generated from the multiple continuous variables over the 

given interval of prediction 
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Table 3.  Regression Model Types 

Regression Model Types 

Phase I - SLR Phase II - MR Phase III - SW-MR Phase IV - PCA 

Simple Linear 

Regression of one x 

variable type from a 

single month 

previous to y 

Multiple 

Regression of one x 

variable type from 

multiple months 

previous to y 

Stepwise Multiple 

Regression of 

multiple types of x 

variables from 

multiple months 

previous to y 

Multiple 

Regression of 

Principal 

Components 

created from 

multiple types of x 

variables from 

multiple months 

 

 The following continuous variables will be used throughout the regression 

models: 

Table 4.  Continuous Variables’ Use in Regression Models 

Continuous Variables’ Use in Regression Models 

Variable Category Variable Type x or y variable 

MICAP Data MICAP Total Hours 

(t) 

y 

MICAP Total Hours 

(t-1,…t-6) 

x 

MICAP Incidents 

(t-1,…t-6) 

x 

MICAP Quantity 

(t-1,…t-6) 

x 

Unit Price x 

Demand Data Total Demand Quantity 

(t-1,…t-6) 

x 

Due-out Quantity 

(t-1,…t-6) 

x 

 

 Numerous models will be created in each of these four stages over the three 

intervals of prediction.  The RASE from the validation set will be evaluated for each 

model.   
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The best twelve models with the lowest justifiable validation RASE were selected for the 

analysis in the test set.  Each of the four model categories will have one best model for 

each of the three intervals of prediction, totaling in twelve final models.   

Phase I – Simple Linear Regression Models 

This phase used Simple Linear Regression with single variables from one to six 

months previous to the y value.  For example, the single x variable of MICAP Total 

Hours from (𝑡 − 3)  was used to predict the y variable of present MICAP Total Hours in 

period t.  There are six such models using previous Total MICAP Hours.  A similar 

process was followed for MICAP Incidents (N), MICAP Quantity, Total Demand 

Quantity, and Due-Out Quantity.  This resulted in a total of thirty simple linear regression 

models. 
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Table 5.  Simple Linear Regression Models Created 

Simple Linear Regression Models Created 

Model Number x Variable Type Months Previous to y 

1 MICAP Total Hours (𝑡 − 1) 

2 (𝑡 − 2) 

3 (𝑡 − 3) 

4 (𝑡 − 4) 

5 (𝑡 − 5) 

6 (𝑡 − 6) 

7 MICAP Incidents (𝑡 − 1) 

8 (𝑡 − 2) 

9 (𝑡 − 3) 

10 (𝑡 − 4) 

11 (𝑡 − 5) 

12 (𝑡 − 6) 

13 MICAP Quantity (𝑡 − 1) 

14 (𝑡 − 2) 

15 (𝑡 − 3) 

16 (𝑡 − 4) 

17 (𝑡 − 5) 

18 (𝑡 − 6) 

19 Total Demand Quantity (𝑡 − 1) 

20 (𝑡 − 2) 

21 (𝑡 − 3) 

22 (𝑡 − 4) 

23 (𝑡 − 5) 

24 (𝑡 − 6) 

25 Due-Out Quantity (𝑡 − 1) 

26 (𝑡 − 2) 

27 (𝑡 − 3) 

28 (𝑡 − 4) 

29 (𝑡 − 5) 

30 (𝑡 − 6) 

 

Phase II – Multiple Regression Models 

Multiple Regression models in this study were created in three categories, (1) by 

the continuous variable used as x variables in the regression, (2) by the interval of 
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prediction, and (3) by models with and without interactions of the x values.  The MICAP 

Total Hours, MICAP Incidents (N), MICAP Quantity, and Due-Out Quantity were all 

used in separate models, with data ranging from three to six months in the past, with and 

without interactions, for a total of twenty-four models (4×3×2). 

Table 6.  Multiple Regression Models Created 

Multiple Regression Models Created 

Model Number x Variable Type Months Previous to 

y 

Interactions 

between x variables 

1 MICAP Total 

Hours 
(𝑡 − 3), … , ( 𝑡 − 6) No 

2 Yes 

3 (𝑡 − 4), … , (𝑡 − 6) No 

4 Yes 

5 (𝑡 − 5), ( 𝑡 − 6) No 

6 Yes 

7 MICAP Incidents (𝑡 − 3), … , ( 𝑡 − 6) No 

8 Yes 

9 (𝑡 − 4), … , (𝑡 − 6) No 

10 Yes 

11 (𝑡 − 5), ( 𝑡 − 6) No 

12 Yes 

13 MICAP Quantity (𝑡 − 3), … , ( 𝑡 − 6) No 

14 Yes 

15 (𝑡 − 4), … , (𝑡 − 6) No 

16 Yes 

17 (𝑡 − 5), ( 𝑡 − 6) No 

18 Yes 

19 Due-Out Quantity (𝑡 − 3), … , ( 𝑡 − 6) No 

20 Yes 

21 (𝑡 − 4), … , (𝑡 − 6) No 

22 Yes 

23 (𝑡 − 5), ( 𝑡 − 6) No 

24 Yes 
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Phase III – Stepwise Multiple Regression 

 Sets of models were created with three varying factors: (1) time range from three 

to six months previous data included to only five to six months previous, to cover the 

three intervals of prediction;  (2) only continuous MICAP variables included and those 

with due-out demand variables also included; and (3) with and without interactions of all 

x terms.  Thus, a total of twelve models (3×2×2) were created through this process by 

running the groups of x variables through the forward and backward stepwise process.  In 

the model validation phase, the best of the four models for each interval of prediction was 

selected based on the error rate on the validation set.  The three best models from the 

validation phase, one for each of the three intervals of prediction, are compared in the 

final analysis in the test set. 

Table 7.  Stepwise Multiple Regression Models Created 

Stepwise Multiple Regression Models Created 

Model Number x Variable 

Categories Entered 

into Stepwise Tool 

Months Previous to 

y Entered into 

Stepwise Tool 

Interactions 

between x variables 

1 Only MICAP Data (𝑡 − 3), … , ( 𝑡 − 6) No 

2 Yes 

3 (𝑡 − 4), … , (𝑡 − 6) No 

4 Yes 

5 (𝑡 − 5), ( 𝑡 − 6) No 

6 Yes 

7 MICAP Data and 

Due-Out Quantity 
(𝑡 − 3), … , ( 𝑡 − 6) No 

8 Yes 

9 (𝑡 − 4), … , (𝑡 − 6) No 

10 Yes 

11 (𝑡 − 5), ( 𝑡 − 6) No 

12 Yes 
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Phase IV – Principal Component Analysis Models 

 Six sets of principal components were created using the PCA function in JMP. 

The final number n out of k components was selected using the rules for evaluating the 

Scree Plots, eigenvalues, and cumulative percentage of variation.  These sets were 

created for each of the three prediction time periods using data from three to six months, 

four to six, and five to six months back.  Each of the three time periods had two PCA sets 

created using only continuous MICAP data and a set with both MICAP and due-out 

demand data. 

All of these models were evaluated using a range of their satisfactory principal 

components.  Half of the sets had a max of four satisfactory components and the other 

half had a max of five components.  Components selections considered eigenvalues, 

cumulative percentage of variation, and the scree plots.  These components were used in 

creating a set of multiple regression models using the component’s combinations of the 

independent x variables to predict MICAP Total Hours.  Each of the six sets of principal 

components proved to be the most effective (lowest RASE) in the validation set when all 

satisfactory components were included in the regression models. 

 Below is a list of the six final models from the six sets of principal components, 

which use all of their satisfactory principal components: 
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Table 8.  Final PCA Multiple Regression Models Created 

Final PCA Multiple Regression Models Created 

Model Number x Variable Categories 

Entered into PCA Tool 

Months Previous to y 

Entered into PCA Tool 

1 Only MICAP Data (𝑡 − 3), … , ( 𝑡 − 6) 

2 (𝑡 − 4), … , ( 𝑡 − 6) 

3 (𝑡 − 5), ( 𝑡 − 6) 

4 MICAP Data and Due-Out 

Quantity 
(𝑡 − 3), … , ( 𝑡 − 6) 

5 (𝑡 − 4), … , ( 𝑡 − 6) 

6 (𝑡 − 5), ( 𝑡 − 6) 

 

Final Analysis 

Three models from each phase, one for each interval of prediction will be 

evaluated in the test set.  The RASE in the test set for these twelve models will then be 

evaluated to determine the best overall prediction model. 

Additionally, the final twelve models were reran broken out individually by the 

categorical variables ERRC Code and PD.  This evaluation on more specific subdivisions 

of the data allowed for a comparison of the models’ performance across the categories. 

See Table 1. for List of Categorical Variables 

To accomplish this, the models’ prediction formulas were saved into a new 

column.  These results were assessed using the JMP model comparison function and 

broken out by category.  The test set RASE was used to determine which models have the 

lowest error rate and performed the best. 

The final analysis includes an evaluation of a scaled ratio between the twelve 

models’ RASE and the mean of MICAP Total Hours across the data set.  This ratio is 

then compared to a similar ratio of a RASE taken from a naive model that predicts zero 

MICAP Hours for every NSN in every month.  This comparison is also broken out for the 
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categorical results with ERRC Code and PD, and their corresponding RASE and means.  

This allows for a determination of whether the final results from the models are more 

useful than having no prediction at all. 

 

V. Analysis and Results 

Chapter Overview 

Using the four regression methods described previously Simple Linear 

Regression, Multiple Regression, Stepwise Multiple Regression, and Principal 

Component Analysis, models were developed with the data set across the three intervals 

of prediction.  The model comparison function was then used to determine the three best 

models, for the three intervals, for each method based on their errors in the validation set.  

The resulting twelve best models were then analyzed in the model comparison again but 

this time using the test set.  This allowed for a determination of the overall best models in 

each interval.  The twelve models were finally rerun broken out by categorical variables. 

The model comparison was again used to determine how the models performed within 

the various groups. 

Simple Linear Regression 

 Simple linear regression was first used to show how prediction models performed 

worse as the time gap between the y value MICAP Total Hours and the x variables 

increased.  Models using more recent data (eg. 𝑡 − 3)consistently performed best with the 

lowest RASE.  These error rates consistently increased with each more distant month. 
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This was true for all models except for those based on Total Demand Quantity.  Below 

are the RASE for the models for each variable over the three intervals of prediction: 

Table 9.  Simple Linear Regression Models’ RASE from Validation Set 

 

See Appendix E for Complete Simple Linear Regression Model Comparisons 

As assumed, the best individual predictor of MICAP Total Hours were previous 

month’s MICAP Total Hours values.  For (𝑡 − 3), (𝑡 − 4), and (𝑡 − 5), the RASE for 

each model were 6189, 7297, and 7798 hours respectively.  The number of MICAP 

Incidents (N) and MICAP Quantity had slightly higher errors but mirrored the increasing 

trend as the interval from time t increased.  For (𝑡 − 3), (𝑡 − 4), and (𝑡 − 5), MICAP 

Incidents had RASE of 7580, 7904, and 7930.  For the same range, MICAP Quantity’s 

models had a RASE of 7678, 7798, and 8110.  Due-Out Quantity performed similarly to 

MICAP Quantity and Total Demand Quantity with RASE values of approximately 8000 

for each month in the range with barely any variation across all six months with respect 

to its error rates.  Based on this result, it was decided that this variable would not be 

included in any of the additional models developed.  The variable may be flawed since it 

Simple Linear Regression Models’ RASE in Hours from Validation Set 

 (𝑡 − 3) (𝑡 − 4) (𝑡 − 5) 

MICAP Total 

Hours 

6189 7297 7798 

MICAP Incidents 7580 7904 7930 

MICAP Quantity 7370 7678 7798 

Due-Out Quantity 7904 7925 7934 

Total Demand 

Quantity 

7993 7999 7993 
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is the summation of due-out and issue requests, and the issue request variables alone were 

shown to be uncorrelated with the y value, MICAP Total Hours. 

Multiple Regression 

 Multiple regression was used to create a total of twenty-four models.  Each model 

used only one type of x variable over multiple months.  Four variable types were used in 

models with and without interactions between the time periods.  Below are the RASE for 

each model created using Multiple Regression: 

Table 10.  Multiple Regression Models’ RASE from Validation Set 

Multiple Regression Models’ RASE in Hours from Validation Set 

 (𝑡 − 3), … , ( 𝑡 − 6) (𝑡 − 4), … , ( 𝑡 − 6) (𝑡 − 5), ( 𝑡 − 6) 

MICAP Total 

Hours 

6176 7300 7509 

MICAP Total 

Hours with 

interactions 

6515 7487 7790 

MICAP Incidents 7584 7908 7966 

MICAP Incidents 

with interactions 

7533 7911 7996 

MICAP Quantity 7388 7709 7870 

MICAP Quantity 

with interactions 

7402 7741 7909 

Due-Out Quantity 7916 7937 7967 

Due-Out Quantity 

with interactions 

8010 8040 7966 

 

See Appendix F for Complete Multiple Regression Model Comparisons 

 Overall, MICAP Total Hours models performed the best, followed by MICAP 

Incidents and lastly by MICAP Quantity.  Except for the interval (𝑡 − 3), … , ( 𝑡 − 6) 

with MICAP Incidents, interactions in the model did not improve the error rate compared 
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to models without interactions.  Also, Due-Out Quantity produced essentially equal 

results in the interval (𝑡 − 5), … , ( 𝑡 − 6) with and without interactions.  Regardless, the 

three MICAP Total Hours models with RASE of 6176, 7300, and 7509 performed the 

best and are used in the final model comparison with the test set of data. 

Stepwise Multiple Regression 

 For the stepwise multiple regression models, all continuous MICAP variables 

were considered in the stepwise tool, in addition to unit price for the first time.  

Additionally, models were run with and without due-out quantity, and with and without 

interactions.  Separate models were developed with all these potential combinations 

across the three intervals.  The models created using forward and backward stepwise 

regression were generally consistent and had the lowest RASE in the validation set.  The 

RASE for the best models created can be found below: 

Table 11.  Stepwise Multiple Regression Models’ RASE from Validation Set 

Stepwise Multiple Regression Models’ RASE in Hours from Validation Set 

 (𝑡 − 3), … , ( 𝑡 − 6) (𝑡 − 4), … , ( 𝑡 − 6) (𝑡 − 5), ( 𝑡 − 6) 

Only MICAP 

variables 

6210 7390 7562 

Only MICAP 

Variables with 

interactions 

6201 7358 8438 

MICAP Variables 

and Due-Out 

Quantity 

6239 7349 7554 

MICAP Variables 

and Due-Out 

Quantity with 

interactions 

6237 7315 8475 
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See appendix G for Complete Stepwise Multiple Regression Model Comparisons 

 The results from these models’ error rates are not consistent.  In the first intervals 

of prediction, interactions improve the models slightly, however in the (𝑡 − 5), … , ( 𝑡 −

6) interval, they make the models worse.  However, when the due-out demand data is 

considered in the models, five out of six of the similar model pairs show that adding the 

due-out data makes the model worse.  It was decided that the models to be used in the 

final test model comparison would be the three created only using MICAP variables 

without interactions.  This was based on the philosophy that simpler is better, all other 

things being equal.  The chosen models were the most simplistic, outweighing the 

minuscule improvements achieved by expanding to more complicated models. 

Principle Component Analysis 

 Six sets of principal components were created over the three intervals of 

prediction using MICAP variables, both with and without Due-Out quantity.  Sets of 

multiple regression models we first run in order to confirm that models with all the 

satisfactory number of principal components created the most accurate models.   

See Appendix H for Comparisons of Models using Some to All Components 

This resulted in the comparison of six multiple regression models from the six 

sets of principal components, with all justifiable components included as independent x 

variables.  The comparison of RASE can be seen below: 
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Table 12.  Principal Component Analysis Models’ RASE from Validation Set 

Principal Component Analysis Models’ RASE in Hours from Validation Set 

 (𝑡 − 3), … , ( 𝑡 − 6) (𝑡 − 4), … , ( 𝑡 − 6) (𝑡 − 5), ( 𝑡 − 6) 

Only MICAP 

variables 

6747 7468 7721 

MICAP variables 

and Due-Out 

Quantity 

6857 7513 7749 

 

See Appendix I for complete PCA Regression Model Comparisons 

 As expected, the models with data from the more recent time period performed 

better than those with less recent data.  Across the board, the models with only 

continuous MICAP data performed better than those that also included due-out demand 

data. 

Test Set Model Comparison 

 From the four categories of methodologies used, simple linear regression, 

multiple regression, stepwise multiple regression, and principal component analysis, three 

models were selected for the final analysis comparing the RASE of each model on the 

test set of data.  One model in each of the four categories was selected for each range.  

These formed predictions of MICAP hours using x variables from three to six months 

before the predicted y values, four to six months before the y values, and five to six 

months before the y values.  For both simple linear regression and multiple regression, 

the best models with the lowest error rates for all three intervals were the ones using 

previous MICAP Hours as the independent x variable to predict MICAP Hours.  For the 

Stepwise multiple regression and Principal Component Analysis, the best models for all 
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time ranges used only continuous MICAP data (without due-out demand variables) and 

without interactions.  These twelve models were then compared on the test set of data and 

their RASE are as follows: 

Table 13.  Overall Best Models’ RASE from the Test Set 

Overall Best Models’ RASE in Hours from the Test Set 

 (𝑡 − 3), … , ( 𝑡 − 6) (𝑡 − 4), … , ( 𝑡 − 6) (𝑡 − 5), ( 𝑡 − 6) 

Simple Linear 

Regression 

7961 8460 8349 

Multiple 

Regression 

7746 8469 8276 

Stepwise Multiple 

Regression 

7657 8260 8255 

Principal 

Component 

Analysis 

8591 8554 8306 

 

See Appendix J for Model Outputs of Twelve Overall Best Models 

See Appendix K for Complete Overall Best Model Comparisons 

 Across the board for the three intervals of prediction, Stepwise multiple 

regression created the best models in the test set with the lowest error rate measured by 

RASE.  The Simple Linear Regression models and Multiple Regression models 

performed similarly, and the Principal Component models had the highest error rates.  All 

twelve models show higher error rates in the test set compared to the validation set, with 

the models for the interval (𝑡 − 3), … , ( 𝑡 − 6) see an increase in RASE from 23-29 

percent compared to the validation set, (𝑡 − 4), … , ( 𝑡 − 6) with an increase from 12-16 

percent, and (𝑡 − 5), ( 𝑡 − 6) with a 7-10 percent increase RASE.  This increase across 
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all intervals may be due to the smaller sample size of the test set sample size compared to 

the validation set. 

To create a metric for comparison, a “completely uninformed” forecast was 

generated.  This forecast consists of a value of “0” as a predicted value in all cases.  The 

RASE for this case was calculated across all NSN for comparison to the other forecasts 

as a benchmark.  This is shown in Table 14 in the “Zero Hours Prediction” column.  In 

addition, a scaled metric is introduced to more accurately compare the effectiveness of all 

models by dividing the RASE by the least squared mean (LSM) of MICAP total hours in 

the sample set of data.  This is shown in Table 14 in the row labeled “RASE/LSM”. 

Table 14.  Comparison of Overall Best Models with Scaled Ratio 

Comparison of Overall Best Models vs. Predicting Zero MICAP Hours from Test Set 

Test Set Metrics (𝑡 − 3), … , 
( 𝑡 − 6) 

(𝑡 − 4), … , 
( 𝑡 − 6) 

(𝑡 − 5), 
( 𝑡 − 6) 

Zero Hours 

Prediction 

 

Overall SW-MR SW-MR SW-MR  Model 

0.0919 -0.057 -0.055  R2 

7656 8260 8255 8389 RASE 

2980 2980 2980 2980 LSM 

2.6 2.8 2.8 2.8 RASE/LSM 

 

While the stepwise regression models from all three intervals have lower RASE 

than an overall prediction of zero MICAP total Hours, when compared using the scaled 

ratio, unfortunately only the model with data from the earliest interval (𝑡 − 3), … , ( 𝑡 −

6) is a clear improvement at 2.6 when comparing the RASE of the models with the Zero 

MICAP Hours prediction and comparing the scaled ratio of RASE divided by LSM.  The 

best model results for the intervals (𝑡 − 4), … , (𝑡 − 6) and (𝑡 − 5), (𝑡 − 6) both had a 
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scaled ratio of 2.8 equal to the Zero Hour Prediction, indicating that these models are 

likely no more accurate than the naive prediction of zero hours. 

Categorical Breakout of Best Models 

 The twelve best regression models were rerun separately on each subset of the 

categorical variables ERRC Code and PD.  This demonstrated how the models perform 

on smaller subsets of the data compared to the entire data set as a whole, from which the 

models were fit to predict overall.  The RASE within each subset was compared using the 

test set data.  Due to the small sample size of some of the PD categories, these results 

may require further investigation. 

 A dramatic split in RASE was found when the models were run on the two ERRC 

Code’s test sets as seen below: 

Table 15.  Comparison of Best Models by ERRC Code with Scaled Ratio 

Comparison of Best Models by ERRC Code vs. 

Predicting Zero MICAP Hours from Test Set 

Test Set Metrics (𝑡 − 3), … , 
( 𝑡 − 6) 

(𝑡 − 4), … , 
( 𝑡 − 6) 

(𝑡 − 5), 
( 𝑡 − 6) 

Zero Hours 

Prediction 

 

ERRC 

Code 

Expendable 

(45 NSNs) 

PCA SLR PCA  Model 

-0.225 -0.135 -0.205  R2 

4951 4766 4909 8389 RASE 

1579 1579 1579 2980 LSM 

3.1 3.0 3.1 2.8 RASE/LSM 

Reparable 

(91 NSNs) 

SW-MR SW-MR SW-MR  Model 

0.1346 -0.045 -0.03  R2 

8452 9286 9219 8389 RASE 

2922 2922 2922 2980 LSM 

2.9 3.2 3.2 2.8 RASE/LSM 
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 For Expendable assets, two Principal Component Analysis models and a Simple 

Liner regression model were the most accurate over the three intervals of prediction and 

the RASE plummeted below 5000 hours for all three.  Additionally, the ratio comparing 

errors to the zero hours predictor shows that these models are an improvement to having 

no prediction.   

For reparable assets, the results worsened compared to the overall data set.  The 

RASE for each of the three intervals increased by almost 1000 hours. The benchmark 

ratio to the zero hours predictor indicated that using these models might be worse than 

having no prediction at all.  This also suggests that the variation in MICAP total hours for 

reparable items is greater than for expendable assets.  Oddly, there are some models from 

the models using data further in the past with a RASE lower than the models with more 

recent data.  This likely indicates that new models should likely be created to fit these 

specific data sets. 

Compared to the best models’, stepwise multiple regression, RASE in the overall 

test set, the expendable sample sees a large decrease in error by 35 percent for (𝑡 −

3), … , ( 𝑡 − 6), 42 percent for (𝑡 − 4), … , ( 𝑡 − 6), and 41 percent for (𝑡 − 5), ( 𝑡 − 6)  

while reparable assets see increased error rates by 10, 12, and 12 percent for the same 

intervals, respectively. 

Unfortunately, the scaled ratio for the expendable and reparable sets are greater 

than the scaled ratio in the overall data set.  While this is not a direct comparison using 

the same LSM, it is an effort to show if there is any evidence that using the developed 

models could be more useful on specific sets of NSN.  The increased ratio for the ERRC 
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codes may indicate that models should be developed on those smaller specific data sets, 

knowing that the mean of the two groups are significantly different. 

There is a much greater variety of results when the twelve models are evaluated 

separately for each PD category as seen below in Table 16. No model type is consistently 

the best for each category or interval of prediction: 

Table 16.  Comparison of Best Models by PD with Scaled Ratio 

Comparison of Best Models by PD vs. Predicting Zero MICAP Hours from Test Set 

Test Set Metrics (𝑡 − 3), … , 
( 𝑡 − 6) 

(𝑡 − 4), … , 
( 𝑡 − 6) 

(𝑡 − 5), 
( 𝑡 − 6) 

Zero Hours 

Prediction 

 

PD Accessories 

(15 NSNs) 

MR PCA PCA 
 

Model 

0.2379 0.2226 0.2881 
 

R2 

2625 2651 2537 8389 RASE 

1167 1167 1167 2980 LSM 

2.2 2.3 2.2 2.8 RASE/LSM 

Aircraft 

(31 NSNs) 

SW-MR PCA SLR 
 

Model 

-2.094 -2.082 -1.004 
 

R2 

8833 8815 7108 8389 RASE 

1772 1772 1772 2980 LSM 

5.0 5.0 4.0 2.8 RASE/LSM 

Common 

Avionics 

(12 NSNs) 

PCA PCA PCA 
 

Model 

0.116 0.0161 0.099 
 

R2 

7729 8154 7803 8389 RASE 

6109 6109 6109 2980 LSM 

1.3 1.3 1.3 2.8 RASE/LSM 

Electronic 

Warfare 

(3 NSNs) 

PCA SW-MR PCA 
 

Model 

0.3198 -5.53 -4.919 
 

R2 

206 638 608 8389 RASE 

360 360 360 2980 LSM 

0.6 1.8 1.7 2.8 RASE/LSM 

Instruments 

(18 NSNs) 

SLR SW-MR PCA 
 

Model 

-2.586 -1.307 -3.431 
 

R2 

1551 1244 1723 8389 RASE 

943 943 943 2980 LSM 

1.6 1.3 1.8 2.8 RASE/LSM 
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Landing 

Gear 

(5 NSNs) 

SW-MR PCA PCA 
 

Model 

0.4196 -0.048 -0.019 
 

R2 

25568 34351 33884 8389 RASE 

3132 3132 3132 2980 LSM 

8.2 11.0 10.8 2.8 RASE/LSM 

Other 

(37 NSNs) 

SLR SLR PCA 
 

Model 

-0.36 -0.17 -0.01 
 

R2 

5653 5243 4870 8389 RASE 

4329 4329 4329 2980 LSM 

1.3 1.2 1.1 2.8 RASE/LSM 

Power 

Systems 

(4 NSNs) 

MR MR PCA 
 

Model 

-6.468 -9.061 -8.248 
 

R2 

900 1044 1001 8389 RASE 

553 553 553 2980 LSM 

1.6 1.9 1.8 2.8 RASE/LSM 

Propulsion 

 (1 NSN) 

MR/SW-

MR/PCA 

MR/SW-

MR/PCA 

MR/SW-

MR/PCA 

 
Model 

. . . 
 

R2 

1062 1030 823 8389 RASE 

662 662 662 662 LSM 

1.6 1.6 1.2 12.7 RASE/LSM 

Unknown 

 (10 NSNs) 

SW-MR SW-MR SLR 
 

Model 

-0.053 -0.229 -1.417 
 

R2 

1527 1650 2313 8389 RASE 

3479 3479 3479 2980 LSM 

0.4 0.5 0.7 2.8 RASE/LSM 

 

 A variety of the four regression model types have the lowest RASE for each PD at 

each interval.  There does not seem to be much change when the models are used to 

predict hours for aircraft and common avionics.  RASE values are still in the high 7000s 

to low 8000s.  The models performed much worse than the benchmark for the landing 

gear, with RASE well above 25000.  This performance is poor and the models should not 

be used for forecasting for these items.  The rest of the PD categories showed great 

improvement over the benchmark with much lower RASE and ratios to the zero hours 
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predictor.  Electronic warfare and instruments performed best. This result may not be 

generalizable due to the low sample size in the test set and lower overall variation of 

actual MICAP total hours.  Once again, we see some categories where the RASE from 

the models using data further in the past with a RASE lower than the models with more 

recent data.  Additionally, the Propulsion category showed no clear best model type 

across all time ranges.  This may also be due to the limited test set sample size. 

 Most of the categories see dramatic reductions in RASE for all three intervals.  

Electronic warfare has the most dramatic improvement with a 97 to 92 percent decrease 

compared to the overall stepwise multiple regression model results.  Instruments and 

power systems both showed RASE decreases between 88 to 79 percent.  The NSNs with 

unknown PD showed decreases by 80 to 72 percent.  Accessories showed smaller but 

significant decreases between 69 to 66 percent and the other category had decreases of 41 

to 26 percent.  Common avionics and aircraft did not show consistent increases or 

decreases.  Landing gear showed drastic increases in RASE from 234 to 316 percent.  

Propulsion showed decreases around 92 percent, however, only one NSN is in this 

category.  Thus, the results are inconclusive for this subcategory. 

 A majority of the predictions split out by PD types had a lower scaled ratio 

compared to the 2.8 achieved by the zero MICAP hour prediction benchmark from the 

overall set.  Accessories, common avionics, electronic warfare, instruments, other, power 

systems, and the unknown set all showed a lower ratio.  So, given their different LSMs, 

the error rates were all comparatively lower than having no overall model (zero hours) or 

even the best of the overall models using Stepwise Multiple Regression. 
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Summary 

While the overall results show high error rates and results not much better than a 

zero MICAP hours prediction, the categorical breakout shows that there is great potential 

for improved predictions when used on specific sets of NSNs like ERRC code or the PD. 

 

VI.  Conclusions and Recommendations 

Conclusions of Research 

 The final error rates of the overall set of NSN monthly data from the test showed 

that the stepwise regression models across all three intervals of prediction had the lowest 

error rates of the four types of models.  However, using the scaled ratio of RASE of the 

prediction of zero MICAP total hours divided by the least squared mean, a comparison of 

the best stepwise regression models shows that only the model from the interval 

predicting MICAP hours three months in the future is more useful than the naive 

prediction of zero for every NSN in every month. 

 The connecting letters report from the analysis of variance (ANOVA) on the 

categorical variables for transformed MICAP hours showed that there are groups of 

categorical variables with significantly different least squared mean MICAP hours (see 

Appendix B for Connecting Letters Report).  This motivated the reevaluation of the 

twelve best models overall on these subsets of NSNs in the test set.  The results show 

clear indications that models should be used and redeveloped on specific data sets based 

on the ERRC Code and potentially by PD.  The expendable assets show the greatest area 

for improvement given their clear improvements with a well-defined category.  Since the 
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PD are less well defined further investigation is needed before further application is 

considered.  Models could be potentially built for specific PDs or groups of PDs that have 

similar variance, however, a larger data set would be needed with more NSNs.  Landing 

gear should likely be excluded or separated from the data set given its extremely high 

error rates and likely wide variation in MICAP hours. 

Results varied across the ERRC Code categories:  The expendable assets’ best 

models had error rates 35 to 42 percent lower than the RASE of the best models in the 

test set overall across the three intervals. The reparable assets’ best models had error rates 

10 to 12 percent higher than the RASE of the best models overall.  Despite the contrast 

between the two categories, both had scaled ratios slightly higher than the zero MICAP 

hour prediction scaled ratio.  These results, along with the two categories’ statistically 

significant difference shown in the connecting letters report of the ANOVA on their 

transformed data, are a clear indication that new prediction models should be rebuilt and 

fit to separate data sets for these categorical variables. 

 Similar results were found in the categorical breakout by PD.  A majority of the 

PD categories had error rates for their best models in the test set that were lower than the 

best models overall.  The Other’s RASE was 26 to 41 percent lower than the best models 

in the overall test set, the Accessories’ were 66 to 69 percent lower, and the Electronic 

Warfare, Instruments, Power Systems, Unknown, and Propulsion were all 72 to 97 

percent lower.  The Common Avionics and Aircraft did not see a large change in RASE 

compared to the best overall models, and the Landing Gear’s RASE was 234 to 316 

percent higher than the overall best models across the three intervals of prediction.  
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Additionally, Accessories, Common Avionics, Electronic Warfare, Instruments, Other, 

and Power Systems all saw scaled ratios of their error rates much lower than the zero 

MICAP hour prediction.  This data set will have to be expanded in future research to 

more reliably evaluate these findings for Electronic Warfare, Landing Gear, Power 

Systems, and Propulsion. These categories all have five or fewer NSNs in the test set, 

which is not likely a large enough sample size.  However, the results indicate the clear 

potential for improved predictions if new models are developed and fit on subsets of 

NSNs based on some of these categories with similar variation in their monthly MICAP 

total hours. 

Recommendations for Action 

 While the results of this study were fruitful, more work is needed to improve 

these prediction models before operational implementation can occur.  The results of this 

study were built on the best performing models that only included MICAP data.  Demand 

data that is more robust than the total monthly due-out quantity is likely needed for these 

NSNs to improve the forecast accuracy.  Then new models should be developed on 

subsets of NSNs with historically similar variance of their monthly MICAP total hours. 

 Practical Application 

 The need for proactive action remains for the cause code H MICAPs for fighter 

weapon systems.  So, the development of prediction models should not be ignored.  If 

future efforts are successful in creating more accurate models, the SCOW can potentially 

implement a system to monitor the risk of surges in MICAP hours for NSNs based on the 

forecasts from prediction models.  Thresholds of MICAP hour levels determined to be of 
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concern could be set to create alerts within supply systems to prompt personnel to begin 

inquiries across the supply chain, increase communication and initiate proactive action in 

an effort to prevent and reduce the occurrence of these cause code H MICAPs. 

 Procedure Established in this Study 

 While the models in this study are likely not ready for current operational 

implementation, this study was extremely successful in establishing a procedure to build 

future models using JMP software.  First, raw data can be combined and aggregated into 

specific time intervals using the tabulate and join functions.  Second, categorical 

variables should be run through an Analysis of Variance (ANOVA) to determine subsets 

of NSNs with similar variance in MICAP total hours to build models from.  Third, data 

should be split into a training, validation, and test set.  This is an essential step in the 

process ensuring that the evaluation of a model’s success or usefulness is not based on 

the in-sample error rate from the original data it was fit on.  Measuring the error rate on 

one or more sets of data independent from the original set used to create the model 

ensures that models are not overfit, i.e., too specifically tuned for the original data.  

Fourth, model types should be selected, then multiple models should be developed for 

each type, then error rates should be measured in the validation data set.  Models with the 

lowest justifiable error rates should be selected for the final comparison against other 

model types.  Fifth, once the best models for all model types have been identified, 

measure the models’ error rates on the test data set.  The models with the lowest error 

rates should be identified as the best models and model type for prediction.  Finally, in 

the comparisons, a tool should measure the usefulness of models given their error rates. 
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This could be a scaled ratio to a naive prediction. Alternatively, this could be a scaled 

ratio to a measure currently in operational use. 

Future Research 

 The results of this study point to many areas where future research can expand the 

work of general MICAP forecasting and the prediction of Cause Code H MICAP hours.  

First, the goal should be to develop models on subsets of NSNs with similar variance of 

MICAP hours, instead of developing models that encompass all the NSNs in the set.  

This can be done by separating models by the categorical variables, by groups of 

categorical variables identified in the ANOVA, or simply by a distribution of NSNs 

MICAP hours so that the NSNs with outliers of extremely high MICAP hours in the data 

set do not distort the results of the models. 

Second, future studies should obtain more robust data on the NSNs.  The data 

from this study were closely related to the end-user in the supply chain.  Future data 

should better capture the three main sources that lead to Cause Code H MICAPs; 

DMSMS, AWPs and Spares, and Long Contract Lead Times.  There is also potential for 

the introduction of other categorical variables related to these sources to create subsets of 

NSNs with similar variance for the development of future prediction models. 

 Third, the data set could be expanded beyond the 136 NSNs identified as top 

drivers.  In the extreme, this includes expanding to all NSNs in a given time frame for 

which Cause Code H MICAPs occurred.  It could also include NSNs for other weapon 

systems besides the F-16.  Expanding the data set would also allow for a better sample 

size for the relatively small test set, and would also allow for a more reliable sample size 
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of the various PD categories, many of which had five or fewer NSNs in the test set.  

Further investigation into the origin and classification of PD is also needed if used in 

future research. 

 Additionally, models could be redeveloped to predict values other than MICAP 

hours.  Hours were the focus of this study since the accumulation of MICAP hours was 

one of the defining aspects of the Cause Code H problem. However, models could be 

created to predict MICAP incidents, the total quantity of the NSNs needed to fill the 

MICAPs, or some other broad aspect of their impact on readiness, mission capability, or 

aircraft availability were the data set to be expanded. 

Finally, more advanced predictive model types could be used to forecast MICAP 

hours.  In JMP alone there are many useful capabilities besides the four types of linear 

regression used in this study.  This includes the use of Neural Networks, also known as 

artificial intelligence, for a multivariate analysis framework, that can model non-linear 

phenomena through a network of inputs, layers of nodes, and outputs (Klimberg & 

McCullough, 2018).  Similarly, Support Vector Regression, a machine learning technique 

using regression analysis, can be used for forecast development (Drucker et al., 1997).  

There is also potential for Time Series Regression, where a model relates the predicted y 

value as a function of time or the use of Box-Jenkins models (Bowerman et al., 2005). 

Final Words 

‘All models are wrong, but some are useful.’  There are numerous directions with 

the original data set from this study that future research can take to continue the efforts of 

MICAP prediction, and proactive action on the Cause Code H MICAPs.  This study was 
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successful in taking some of the first steps to making the future implementation of 

proactive MICAP prevention and reduction possible.  This study lays a potential 

groundwork for future researchers to take in this field as well as pointing in directions 

that will likely lead to more fruitful results, all in the effort to improve the readiness, 

availability, and mission capability of the Air Force’s fighter aircraft fleet. 
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Appendices 

Appendix A:  Distribution of MICAP Hours in the Data Set 
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Appendix B:  ANOVA of Categorical Variables 

ANOVA using untransformed data 
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ANOVA using transformed data 
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Appendix C:  Scatterplot of Continuous Variable Correlations 
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Appendix D:  Example List of Eigenvalues and Scree Plot  
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Appendix E:  Simple Linear Regression Model Comparisons 

Models using MICAP Hours 

 

Models using MICAP Incidents 
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Models using MICAP Quantity 

 

Models using Due-Out Quantity 
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Models using Total Demand Quantity 
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Appendix F:  Multiple Regression Model Comparisons 

Models using MICAP Hours 

 

Models using MICAP Incidents 
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Models using MICAP Quantity 

 

Models using Due-Out Quantity 
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Appendix G:  Stepwise Multiple Regression Model Comparisons 

Models using Variables from (𝑡 − 3), … , ( 𝑡 − 6) 

 

Models using Variables from (𝑡 − 4), … , ( 𝑡 − 6) 

  



 

72 

Models using Variables from (𝑡 − 5), ( 𝑡 − 6) 
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Appendix H:  Comparisons of Models using Some to All Components 

Models using a Range of Components for MICAP Variables from (𝑡 − 3), … , ( 𝑡 − 6) 

 

Models using a Range of Components for MICAP and Demand Variables from (𝑡 − 3), … , ( 𝑡 − 6) 

 

Models using a Range of Components for MICAP Variables from (𝑡 − 4), … , ( 𝑡 − 6) 
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Models using a Range of Components for MICAP and Demand Variables from (𝑡 − 4), … , ( 𝑡 − 6) 

 

Models using a Range of Components for MICAP Variables from (𝑡 − 5), ( 𝑡 − 6) 

 

Models using a Range of Components for MICAP and Demand Variables from (𝑡 − 5), ( 𝑡 − 6) 
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Appendix I:  Principal Component Analysis Regression Model Comparisons 

Models using Variables from (𝑡 − 3), … , ( 𝑡 − 6) 

 

Models using Variables from (𝑡 − 4), … , ( 𝑡 − 6) 

 

Models using Variables from (𝑡 − 5), ( 𝑡 − 6) 
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Appendix J:  Model Outputs of Twelve Overall Best Models 

Best Simple Linear Regression Model for (𝑡 − 3) 

 

Best Simple Linear Regression Model for (𝑡 − 4) 
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Best Simple Linear Regression Model for (𝑡 − 5) 

 

Best Multiple Regression Model for (𝑡 − 3), … , ( 𝑡 − 6) 
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Best Multiple Regression Model for (𝑡 − 4), … , ( 𝑡 − 6) 

 

Best Multiple Regression Model for (𝑡 − 5), ( 𝑡 − 6) 
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Best Stepwise Multiple Regression Model for (𝑡 − 3), … , ( 𝑡 − 6) 

 

Best Stepwise Multiple Regression Model for (𝑡 − 4), … , ( 𝑡 − 6) 
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Best Stepwise Multiple Regression Model for (𝑡 − 5), ( 𝑡 − 6) 

 

Best Principal Component Analysis Model for (𝑡 − 3), … , ( 𝑡 − 6) 
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Best Principal Component Analysis Model for (𝑡 − 4), … , ( 𝑡 − 6) 

 

Best Principal Component Analysis Model for (𝑡 − 5), ( 𝑡 − 6) 
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Appendix K:  Overall Best Model Comparisons 

Best Models from (𝑡 − 3), … , ( 𝑡 − 6) 

  

Best Models from (𝑡 − 4), … , ( 𝑡 − 6) 
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Best Models from (𝑡 − 5), ( 𝑡 − 6) 
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