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I. EXECUTIVE SUMMARY 

A. INTRODUCTION 
Estimating software development schedules remains a challenge across DoW 
(Department of War) programs, where cost and schedule realism are critical to 
acquisition success. The industry benchmark, Dr. Barry Boehm’s Constructive Cost 
Model (COCOMO)-based Schedule Estimating Relationship (SER), predicts duration 
from development effort, productivity, and subjective scale factors. However, this 
approach appears insufficient to explain much of the variation in modern software 
timelines. Increasing software complexity and evolving development practices motivated 
a reexamination of Dr. Boehm’s model using more recent and expansive DoW program 
data. This study analyzed a large, anonymized subset of the Software Resources Data 
Reporting (SRDR) database (~700 observations spanning 20 years) to derive a 
statistically validated SER with stronger predictive performance. Advanced regression 
techniques were used to assess additional, more objective predictors, including 
development methodology, application domain, and staffing profiles. The analysis also 
quantified the limits of schedule compression and the effects of Agile adoption. The 
results will equip the DoW cost community with enhanced tools for software schedule 
estimation and acquisition planning. 

 

B. RESULTS 
Analysis of the SRDR observations showed that the current COCOMO II-based SER 
does not reflect modern DoW software timelines. This model consistently underpredicts 
development duration and fails to explain key variation in outcomes, confirming that 
effort alone is insufficient for accurate schedule estimation. 

Updated nonlinear models using modern data significantly improved predictive 
performance. The recommended SER, driven by development effort and peak staffing, 
reduced median absolute percentage error from 53% to 35% while relying on simpler, 
more objective inputs. This represented a meaningful improvement in both accuracy 
and defensibility. In some application domains, tailored SERs further improved 
performance, indicating that schedule behavior varies across mission contexts. 

Schedule compression was found to be uncommon. At the program level, only 15% of 
programs achieved any meaningful amount of compression, and only 6.2% of programs 
compressed to 75% or less of their planned duration. In fact, schedule expansion was 
more typical. Observable factors, such as architecture size and scope growth, did not 
explain these outcomes, suggesting that compression is possibly driven by factors not 
captured in the dataset. 
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Agile adoption did not show a meaningful effect on total development duration. Across 
multiple analyses, Agile/Iterative efforts exhibited similar schedule efficiency to efforts 
using traditional development approaches, once other factors were considered. Any 
estimated effects were negligible in practice. This may reflect DoW-specific Agile 
implementation constraints or early-stage Agile adoption in the dataset that obscure 
achievable effects. 

Overall, the study results demonstrate that modernized, data-driven SERs materially 
improve schedule estimation, while commonly held assumptions about schedule 
compression and Agile-driven schedule acceleration are not supported by observed 
outcomes. 

 

C. RECOMMENDATIONS 
The DoW estimation community should adopt the team’s updated, SRDR-derived SER 
as the standard approach for Computer Software Configuration Item (CSCI)-level 
software schedule estimation, as it provides materially improved accuracy over the 
current COCOMO II benchmark using simpler and more objective inputs. Software 
schedules should be built from the CSCI level upward, incorporating program-specific 
dependencies and concurrency, and be refined with domain-specific SERs where 
statistically supported to further improve precision. 

Schedule compression should not be treated as a routine planning assumption. Given 
its rarity in observed data, any compressed schedule should be explicitly justified with 
clear enabling conditions and understood as carrying elevated execution risk. Similarly, 
Agile adoption should not be used as a primary basis for reducing planned timelines, as 
the analysis showed it does not independently drive shorter development durations 
within DoW programs. 

Finally, the DoW should continue improving SRDR data quality and periodically 
recalibrate estimation models using more recent data. In particular, the Agile analyses 
should be revisited when more numerous and mature Agile project records are 
available, as this study was unbalanced towards projects using well-established 
development methodologies. Maintaining an empirical, data-driven approach to 
software schedule estimation will be critical as development practices continue to 
evolve.
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II. STUDY INTRODUCTION 

A. BACKGROUND 
1. PURPOSE 
Software (SW) development timelines have become one of the most significant drivers 
of cost, schedule, and risk across modern Department of War (DoW) acquisition 
programs (GAO, 2019). As defense systems increasingly rely on complex, software-
based capabilities for mission success, the ability to accurately estimate software 
development schedules is essential for effective program planning, resource allocation, 
and decision-making. Despite its financial and operational importance, software 
schedule estimation remains a persistent challenge for the DoW community due to the 
complexity and diversity of software projects, along with evolving development 
practices. Existing software development estimation practices often produce estimates 
that are inaccurate and difficult to defend. 

DoW software schedule estimation approaches primarily rely on software development 
“effort”, which is derived from measures of size such as equivalent source lines of code 
(ESLOC) along with productivity assumptions, as the main independent variable in 
predicting actual software development duration. This approach is rooted in Dr. Barry 
Boehm’s Constructive Cost Model (COCOMO), originally developed in 1981, and 
subsequently updated in COCOMO II in 2000 (Boehm et al., 2000). While software 
schedule estimation models in COCOMO represented the best practice at the time of 
their development, they were calibrated using limited datasets and development 
practices not reflective of the reality of contemporary DoW software development. In 
particular, this study found that the COCOMO II statistical SER underpredicts 
development timelines when applied to modern DoW Software Resources Data 
Reporting (SRDR) records. This phenomenon will be discussed in detail during the 
analysis section of this report.  

Further complicating software schedule estimation is the substantial evolution of 
software development practices in DoW programs over the past two decades. 
Traditional linear development methodologies, such as Waterfall, have been 
increasingly supplemented or replaced by iterative approaches, such as Agile or Spiral 
frameworks. These shifts have altered the calculus of predicting software development 
duration, and their effects need to be better understood. In parallel, the scope of 
software development within DoW systems has expanded to encompass a wider range 
of end items, operating environments, and application domains – variables not explicitly 
accounted for in legacy estimation models. Overall, there are several key drivers of 
software development timelines that need to be examined with modern DoW software 
development data.  
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Inaccurate or tenuously-justified software development schedule estimates can erode 
stakeholder confidence, contribute to unrealistic program expectations, and drive risky 
program management decisions. The consequences also extend beyond individual 
programs. At the portfolio and enterprise levels, unreliable development duration 
estimates undermine the DoW’s ability to plan budgets, sequence operational 
capabilities, manage portfolio risk, and conduct meaningful investment tradeoff studies. 
Program managers and cost estimators are often forced to rely on subjective 
adjustments or ad hoc schedule padding to compensate for the known deficiencies in 
existing methods, reducing transparency and consistency. As scrutiny of acquisition 
outcomes intensifies, there is a growing need for a new, statistically validated SER that 
better reflects modern DoW software development timelines. 

Recent empirical studies using DoW SRDR data have demonstrated the limitations of 
existing SERs and the potential for improvement with updated modeling approaches. 
The prior research has explored alternative predictor variables, data segmentation 
strategies, and the nonlinear functional form of the data, providing a solid knowledge 
base for exploring the problem further. However, many of these studies were 
constrained by small sample sizes, narrow time horizons, or limited applicability to 
current DoW programs. Additionally, the growing prevalence of Agile/Iterative 
development processes raises questions about how schedule behavior differs across 
development approaches. 

This Naval Postgraduate School (NPS) Master’s in Cost Estimating & Analysis (MCEA) 
capstone project responded directly to the above challenges by leveraging a large, high-
quality subset of the Naval Air Systems Command (NAVAIR) SRDR database to 
reassess and modernize software schedule estimation practices for the DoW. By 
examining ~700 actual CSCI data points from programs completed between 2001 and 
2021, the study evaluates existing SERs, provides insights on schedule compression 
and Agile adoption, and proposes improved models for estimating software 
development duration. This project was sponsored by the Missile Defense Agency 
(MDA), with the goal of modernizing the analytical foundation underlying software cost 
and schedule estimation, thereby improving confidence in acquisition decisions. 

 

2. SCOPE 
The primary goal of this project was to provide the DoW community with an updated, 
evidence-based understanding of the factors and trends that drive software 
development schedules as well as the methods needed to produce more accurate and 
defensible schedule estimates. These insights will help DoW decision-makers plan with 
greater confidence, allocate resources more effectively, and reduce cost and schedule 
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risk across programs. To achieve this goal, the team pursued three main supporting 
objectives: 

 Objective 1: Produce and validate one or more SERs for more reliably 
characterizing the relationship between development effort and schedule 
duration in modern DoW software programs. 

 Objective 2: Evaluate the likelihood that a DoW software development effort can 
successfully compress (or shorten) its originally estimated schedule and 
investigate the factors associated with successful or unsuccessful schedule 
compression. 

 Objective 3: Assess how the adoption of iterative development methodologies, 
particularly Agile, has affected schedule duration trends and outcomes, and 
investigate the underlying reasons for those effects. 

 

B. GROUND RULES, ASSUMPTIONS, AND CONSTRAINTS 
1. GROUND RULES 
The scope of “software development” effort and duration analyzed in this study 
accounted for all CSCI-level software development activities including software design, 
coding and unit testing, software integration, and full qualification testing (FQT). This 
was done to match the structure of the SRDR dataset, which exists at the CSCI level. 
Some system-level software development (or development-adjacent) activities were 
excluded because they are shared across CSCIs and are more related to the systems 
engineering process. Figure 1 displays which SW development activities were 
considered “in scope” for this study. 

 

Figure 1: SW Development Activities Included in this Study’s SW Development Schedule Estimation 

When applying the SERs defined in this paper to a program of interest, the team 
recommends applying the given CSCI SER for each CSCI in the program and then 
building the overall program SW development duration estimate from the CSCI pieces. 
Some CSCIs can be developed in parallel, while others may have dependencies that 
prevent that. Using a CSCI-level SER allows the estimator to generate a schedule 
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estimate for each CSCI building block that contributes to a larger program’s overall SW 
development timeline.  

 

2. ASSUMPTIONS 
This analysis assumed that the cleaned subset of SRDR data contained largely 
accurate and complete CSCI records. This may have introduced survivorship bias into 
the results (i.e., the dataset likely overrepresented completed programs and 
underrepresented canceled or otherwise unsuccessful ones). It was also assumed that 
SERs derived from this dataset will be applicable to similar future software development 
efforts across the DoW. For the SER analysis, the team converted development effort 
hours to development effort in person-months by assuming 1 person-month equals 152 
working hours. This is consistent with the conversion factor used in COCOMO by Dr. 
Boehm (Boehm et al., 2000). Additionally, the team approximated Dr. Boehm’s 
COCOMO II SER based on the nominal scale factors defined in the model, given the 
absence of subjective information about the specific programs. This assumption is 
discussed in greater detail in the Objective 1 analysis. 

 

3. CONSTRAINTS 
The study was constrained by the fact that the dataset was anonymized by the sponsor 
(in order to avoid sharing proprietary information). As a result, the dataset provided no 
program or contractor-specific context, and therefore the team could not use those 
factors to help explain or predict development durations. Additionally, because the data 
subset did not include records beyond 2021, the team was not able to assess the 
impact of generative AI adoption on development timelines. Finally, the data subset 
contained relatively few records from CSCI projects using Agile or otherwise Iterative 
development approaches. Moreover, these Agile/Iterative records only spanned from 
2006 onwards, likely capturing development efforts from the early stages of Agile 
adoption. As a result, the conclusions drawn from this subset about Agile’s effect on 
software development durations may be different from (and perhaps weaker than) those 
based on larger samples from more recent periods, when Agile implementation was 
more mature. This constraint is discussed further in the Objective 3 analysis. 

 

4. LIMITATIONS 
Due to time limitations on this capstone project, the team was selective in choosing 
which statistical models to explore and how much cross-validation to perform. 
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III. DATA COLLECTION AND QUALITY ASSESSMENT 

The primary dataset used in this study, and the main data source supporting Objectives 
1 and 3, was a sponsor-provided subset of the NAVAIR SRDR database. These records 
were reported at the CSCI level and covered software development efforts completed 
between 2001 and 2021. Each record included a range of variables relevant to software 
schedule analysis, including end-item operating environment, application domain, super 
application domain, development process model, primary programming language, 
ESLOC, peak staffing levels, development effort by phase (in hours), and actual 
development durations (in months). 

To enable distribution to the student team, the dataset was pre-sanitized by the sponsor 
to remove program and contractor-specific identifiers. While this redaction was 
necessary, it eliminated contextual information that could have otherwise supported 
analysis of organizational and/or contractual influences on schedule outcomes. This 
was noted earlier as a constraint on the analysis. 

The initial sponsor-provided dataset contained 811 CSCI records that had been pre-
screened by NAVAIR for completeness and labeled as “good” (i.e., the best available) 
data. After further quality review, the team decided to exclude 105 additional records 
due to missing or invalid values in key variables, most commonly missing start or end 
dates (which resulted in zero calculated development duration) or missing critical 
predictors such as peak staffing. Thus, these exclusions were limited to records that 
could not support valid regression modeling. After this cleaning process, 706 CSCI 
records remained and underpinned the analyses related to Objective 1 (identifying 
improved software development SERs) and Objective 3 (assessing the impact of 
iterative development methodologies, especially Agile, on schedule trends). This 
dataset provided the necessary variables to support both modeling of effort-duration 
relationships and segmentation of records based on development methodology. 

To conduct the analysis required for Objective 2 (assessing the opportunities for 
schedule compression), the sponsor provided a modified version of the NAVAIR SRDR 
data known as the “Golden Pairs” (GP) database. Specifically, each CSCI record 
contained the initial schedule duration estimate provided by the contractor paired with 
the final actual schedule duration. The team aggregated the GP data at the program 
level to satisfy the independence assumption required for statistical tests, because 
CSCI records from the same program could not be treated as independent 
observations. The same exclusions described for Objectives 1 and 3 were upheld in this 
dataset’s sanitization, resulting in 65 program records to be analyzed for Objective 2. 
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IV. LITERATURE REVIEW 

To ensure this project built on, rather than duplicated, prior research into this domain, 
the team conducted a literature review of software schedule estimation studies, with a 
focus on those supporting DoW and other federal agencies. The review began with 
material from the NPS Cost Estimating II course, which outlined standard approaches to 
software SERs (Mislick, 2024). These models, most notably Dr. Boehm’s original SER, 
typically express schedule duration as a function of software size, development effort, 
and/or available staffing, often following a power-law relationship. In other words, these 
independent variables are said to have a non-linear relationship with duration. The 
course material also emphasized that incorporating qualitative variables, especially 
application domain and software activity, can improve model accuracy by accounting for 
complexities not captured by effort alone. 

Building on this foundation, the team reviewed six major DoW-affiliated SER studies 
published or presented between 2014 and 2023 (Rosa et al., 2014, 2015, 2021, 2022, 
2023; Wallshein et al., 2016). These studies, led primarily by Dr. Boehm and Dr. Wilson 
Rosa, consistently used SRDR or SRDR-like datasets and aimed to improve earlier 
models by considering and incorporating newer data, alternative predictors, and/or 
emerging development trends. Across all studies, power-law regression remained the 
dominant modeling technique. Core predictors included size, effort, and staffing (Rosa 
et al., 2014, 2015). Many studies also examined variables relevant to this project’s 
Objectives 2 and 3. For example, one study explored schedule compression by 
estimating the relationship between planned and actual durations (Wallshein et al., 
2016), while others explored Agile adoption by replacing traditional effort-based 
schedule predictors with Agile-oriented measures such as number of requirements, user 
stories, and epics (Rosa et al., 2021, 2022, 2023). 

Segmentation strategies were also widely used to improve model fit. Several studies 
developed separate SER models for distinct groups, including different software 
application domains (Rosa et al., 2014), programming languages, contract types, and 
capability maturity levels (Wallshein et al., 2016). Others incorporated categorical 
variables into a single model via dummy variables, including those for different 
application domains (Rosa et al., 2021) and whether the project constituted major new 
development vs minor enhancement work (Rosa et al., 2022). As a result, these 
variables had a multiplicative effect on duration. Overall, these strategies generally 
resulted in stronger model performance, reinforcing the value of using segmentation 
and tailored predictors in SER development. 
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Despite extensive prior research, there was strong justification for developing improved 
software development SERs, particularly given the availability of a much larger and 
more representative dataset of modern DoW software efforts. This project leveraged 
over 700 cleaned SRDR records through 2021, enabling analyses that were more 
robust and relevant than previously possible. There was also clear precedent for this 
project effort: past studies have repeatedly revisited established SER models using new 
data, alternative predictors, and newly relevant questions, demonstrating the value of 
continued refinement. While the team’s three main analytic objectives were all studied 
previously (at least partially), this effort focused on refining and validating SERs using 
more comprehensive data alongside well-established modeling methods. Accordingly, 
the project extended prior research rather than repeating it. 

 

V. OBJECTIVE 1 ANALYSIS: DETERMINING NEW SW 
DEVELOPMENT SER(S) 

Objective 1 used statistical analysis to develop new SERs that more accurately convert 
SW development effort into actual SW development duration for modern DoW 
programs. This analysis leveraged data from programs completed over the past two 
decades. Existing industry-standard schedule estimation models, such as Dr. Boehm’s 
COCOMO II, were developed using legacy datasets and evidently have limited 
predictive accuracy when applied to more contemporary programs. Leveraging lessons 
learned from prior research (as discussed in the Literature Review section of this 
report), the team used a large, cleaned subset of the SRDR database to fit robust SERs 
for improved SW schedule estimation in the modern DoW. The following sections 
provide a detailed walkthrough of the team’s analytic process and findings. 

Step 1. Data Cleaning: 
(This process is also described in the Data Collection and Quality Assessment section 
of this report). The sponsor-provided, anonymized subset of final SRDR data was pulled 
from the live SRDR database in February 2024. NAVAIR and MDA both conducted 
initial processing on the raw SRDR dataset to “quality tag” records as “Good” for 
analysis based on relatively high data reliability. This pre-screened subset of data 
included 811 completed CSCIs and was the starting point for the team’s processing. 
The team excluded a further 105 CSCI data points based on missing or invalid values in 
key variables of interest. One of the most common reasons for removal of data points 
was missing “Start” or “End” dates, which therefore resulted in zero months of actual 
software development duration. Additionally, some CSCIs were missing data for critical 
predictor variables such as “Peak Staffing”. Overall, the exclusions were limited to data 
points that could not support valid modeling or comparison between models with 
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respect to dependent or independent regression variables. The cleaned dataset used 
for SER model determination was 706 actual CSCIs completed between 2001 and 
2021. This was a large set of actual observations that supported robust model definition 
and analytic conclusions. 

Step 2. Benchmark Boehm’s Legacy SER vs Actual SRDR Data: 
Objective 1 of this study was to provide an SER that converts software development 
effort into actual software development schedule duration that improves upon existing 
industry practices. To improve upon existing practices, the team needed to understand 
the benchmark. Dr. Boehm’s COCOMO II model (Center for Software Engineering USC, 
2000) represents the current industry standard SER. Dr. Boehm’s software 
development SER at baseline assumptions is defined as: 

Equation 1: Boehm’s Baseline Schedule Equation 

𝑺𝑾 𝑫𝒆𝒗 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏 = 𝟑. 𝟔𝟕 ∗ [𝑫𝒆𝒗 𝑬𝒇𝒇𝒐𝒓𝒕]𝟎.𝟐𝟖ା𝟎.𝟐∗(𝑬ି𝟎.𝟗𝟏) 

In this equation, 𝑺𝑾 𝑫𝒆𝒗 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏 is software development duration in months and 
𝑫𝒆𝒗 𝑬𝒇𝒇𝒐𝒓𝒕 is software development effort in person-months. The variable exponent, 
𝐸, is derived from the sum of the five different project scale factors (𝑆𝐹௝) defined in the 

following table: 

 

Figure 2: Project Scale Factor Values (SFj COCOMO II) 

The equation for E is given as: 
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Equation 2: Effort Scaling Exponent in Boehm’s Schedule Equation 

𝑬 = 𝟎. 𝟗𝟏 + 𝟎. 𝟎𝟏 ∗ ෍ 𝑺𝑭𝒋

𝟓

𝒋ୀ𝟏

 

Dr. Boehm’s SER relies on these scale factor judgments for definition, with E ranging 
from 0.91 to 1.226. While this provides Dr. Boehm’s model with depth, it also introduces 
subjectivity and potential inconsistency to the application of the model in DoW 
programs. Additionally, for the purposes of this study’s analysis of model performance, 
the team could not determine subjective scale factors for the ~700 data points in the 
dataset. Therefore, lacking better information, the team used the nominal scale factor 
values where E = 1.0997. This assumption resulted in the approximation of Dr. Boehm’s 
SER as: 

Equation 3: Boehm’s Schedule Equation Assuming Nominal Scale Factor Values 

𝑺𝑾 𝑫𝒆𝒗 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏 = 𝟑. 𝟔𝟕 ∗ [𝑫𝒆𝒗 𝑬𝒇𝒇𝒐𝒓𝒕]𝟎.𝟑𝟏𝟖 

The form of Dr. Boehm’s SER given in Equation 3 is the form which was used as the 
industry benchmark SER throughout the analysis in this study. 

Now that the industry benchmark had been defined, the next step was to understand 
the performance of that benchmark on the modern DoW data from the team’s cleaned 
SRDR dataset. The following figure (Figure 3) compares Dr. Boehm’s predicted 
software development durations of the ~700 CSCIs based on development effort 
against the actual DoW SW development durations for those CSCIs. 

 

Figure 3: SW Development Durations Predicted by Boehm SER vs Actual SW Development Durations 

Figure 3 clearly demonstrates that Dr. Boehm’s SER often underpredicts development 
durations relative to actual DoW program performance. Many SW development efforts 
that would be expected to have a low duration based on total effort actually take much 
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longer, implying that there are other variables that need to be accounted for and that the 
coefficients in Dr. Boehm’s SER may not be reflective of modern SW development 
dynamics. Figure 3 also confirms one of the key takeaways from the literature review: 
the distribution of actual development durations vs development effort is nonlinear, and 
the candidate models proposed by this study should fit that functional form. 

To quantify the predictive performance of Dr. Boehm’s SER, the team used Sum of 
Squared Errors (SSE) and its derivation, Root Mean Squared Error (RMSE). These 
metrics are an appropriate way to compare the predictive accuracy of nonlinear models 
predicting the same variable (i.e., SW development duration) using the same dataset. 

SSE and RMSE are given by the following equations (Kosourova, 2024) (Bobbitt, 2021), 
where n is the number of samples (i.e., CSCI data points): 

Equation 4: Sum of Squared Errors 

𝑺𝒖𝒎 𝒐𝒇 𝑺𝒒𝒖𝒂𝒓𝒆𝒅 𝑬𝒓𝒓𝒐𝒓𝒔 (𝑺𝑺𝑬) =  ෍(𝑨𝒄𝒕𝒖𝒂𝒍 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏 𝒊 − 𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏𝒊)
𝟐

𝒏

𝒊ୀ𝟏

 

Equation 5: Root Mean Squared Error 

   𝑹𝒐𝒐𝒕 𝑴𝒆𝒂𝒏 𝑺𝒒𝒖𝒂𝒓𝒆𝒅 𝑬𝒓𝒓𝒐𝒓 (𝑹𝑴𝑺𝑬) =  ඨ
𝟏

𝒏
𝑺𝑺𝑬 

The next section discusses the determination of the right SSE/RMSE benchmark for Dr. 
Boehm’s SER as well as how this measure of performance was used to fit and compare 
the team’s candidate nonlinear models. 

Step 3. Analyze Errors to Determine Correct Model Optimization Goal: 
To develop nonlinear models, the coefficients were estimated by minimizing prediction 
error. In this study, RMSE was used as the fitting and comparison metric across 
candidate models. RMSE provides a measure of model fit by quantifying the typical 
magnitude of prediction error. 

A key consideration was whether the model error should be evaluated in linear or log 
space, as this corresponds to different underlying error assumptions. Minimizing RMSE 
in linear space assumes additive errors, while minimizing RMSE in log space assumes 
multiplicative (lognormal) errors. To determine the appropriate formulation, the 
distribution of residuals from Dr. Boehm’s SER predictions relative to observed data 
was analyzed: 
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Figure 4: Distribution of Raw (Linear Space) Errors from Boehm’s SER Predicted Values vs the Actual 
Development Duration in Months 

Figure 4 illustrates that as the development duration increases, the magnitude of the 
raw errors from Dr. Boehm’s SER also increases. This means that heteroskedasticity is 
present, and therefore fitting the model coefficients based on minimizing raw error (i.e., 
SSE in linear space) could have biased the model towards larger, higher duration 
projects. Therefore, the team determined that the benchmark SSE/RMSE should be 
calculated in log space. Additionally, the candidate models should be fitted based on 
minimizing SSE/RMSE in log space as they also exhibited heteroskedasticity, and the 
models needed to be compared in like terms. In short, minimizing SSE/RMSE in log 
space was the preferred approach because it emphasizes relative error rather than 
absolute error, thereby weighting small and large projects more evenly. 

SSE and RMSE in log space are given by the following equations: 

Equation 6: Sum of Squared Errors in Log Space 

𝑺𝑺𝑬 (𝑳𝒐𝒈 𝑺𝒑𝒂𝒄𝒆) =  ෍(𝑳𝑵(𝑨𝒄𝒕𝒖𝒂𝒍 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏 𝒊) − 𝑳𝑵(𝑷𝒓𝒆𝒅𝒊𝒄𝒕𝒆𝒅 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏𝒊))𝟐

𝒏

𝒊ୀ𝟏
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Equation 7: Root Mean Squared Error in Log Space 

𝑹𝑴𝑺𝑬(𝑳𝒐𝒈 𝑺𝒑𝒂𝒄𝒆) =  ඨ
𝟏

𝒏
𝑺𝑺𝑬(𝑳𝒐𝒈 𝑺𝒑𝒂𝒄𝒆) 

When applied to the study data, Dr. Boehm’s approximated SER had an SSE (Log 
Space) of 630.755 and an RMSE (Log Space) of 0.945. This is the benchmark against 
which the candidate SERs were compared. 

Step 4. Use CO$TAT to Test Candidate Independent Variables and Down-Select 
Candidate Models: 
While there are many potentially predictive independent variables within the SRDR 
data, the team was able to leverage the specific intentions of the study objective and the 
prior research in this domain to down-select to a concise set of candidate variables. 
Firstly, the goal of Objective 1 was to determine an improved SER that translates SW 
development effort into SW development duration. This meant that while other 
independent variables may merit inclusion, all candidate models must contain SW 
development effort as an independent variable. SW development effort is derived based 
on software size (ESLOC), so inclusion of any other variables related to size would 
cause collinearity. This left two logical quantitative variables: “Peak Staff” and “Percent 
New Code” (derived by study team from new code over total code). Per the literature 
review, prior research in this domain by Dr. Boehm had highlighted Peak Staff as a 
valuable independent variable. There were also several categorical variables that could 
logically impact development timelines: development process (e.g., Agile vs Waterfall), 
primary coding language (e.g., Python, C++), operating environment (e.g., manned air 
vehicle), application domain (e.g., Command & Control), and application super domains 
(e.g., Real Time Embedded). Secondly, the independent variables considered should 
be simple, logical, objective, and directly part of or derived from SRDR submissions. 
Thirdly, based on prior research and the observed distribution of development durations 
vs development effort, candidate models should be nonlinear. This meant that the team 
needed to test these candidate quantitative and categorical variables alongside SW 
development effort in a nonlinear regression. 

To rapidly test different combinations of independent variables for significance and 
logical relevance in predicting software development duration, the team utilized the 
ACEIT (Automated Cost Estimating Integrated Tools) CO$TAT (Cost Analysis Statistics 
Package) add-in to Microsoft Excel. Using the tool, the team could see a resulting 
significance approximation (Jacobian) for the included variables as well as a low-fidelity 
determination of the model fit. To run the actual fitting process with greater fidelity, the 
team used different approaches which will be detailed in the next section. Based on 
these quick fits in CO$TAT, the team determined that both “Peak Staff” and “Percent 
New Code” were significant alongside SW development effort in the SER based on the 
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Jacobian approximation. Additionally, each of the categorical variables was not found to 
be significant in the SER, although this was expected due to the sensitivity of fitting 
categorical variables in nonlinear models. Based on the prior research in this area, the 
categorical variables of application domain were found to be significant when the data 
was stratified individually by domain, and models were ultimately fitted independently for 
each. The team decided to apply this strategy after determining the right structure for 
the overall model (see Step 7 of this report section). 

As a result of the CO$TAT analysis and down-selection, the following four candidate 
model structures were determined for fitting and comparison to the benchmark: 

Candidate 1: Re-fit of 
Boehm’s SER Structure 

𝑆𝑊 𝐷𝑒𝑣 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑎 ∗ 𝐸𝑓𝑓𝑜𝑟𝑡௕ 

Candidate 2 𝑆𝑊 𝐷𝑒𝑣 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑎 ∗ 𝐸𝑓𝑓𝑜𝑟𝑡௕ ∗ 𝑃𝑒𝑎𝑘𝑆𝑡𝑎𝑓𝑓௖ ∗ (1 + 𝑑 ∗ 𝑃𝑐𝑡𝑁𝑒𝑤𝐶𝑜𝑑𝑒) 

Candidate 3 𝑆𝑊 𝐷𝑒𝑣 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑎 ∗ 𝐸𝑓𝑓𝑜𝑟𝑡௕ ∗ 𝑃𝑒𝑎𝑘𝑆𝑡𝑎𝑓𝑓௖ 

Candidate 4 𝑆𝑊 𝐷𝑒𝑣 𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛 = 𝑎 ∗ 𝐸𝑓𝑓𝑜𝑟𝑡௕ ∗ (1 + 𝑐 ∗ 𝑃𝑐𝑡𝑁𝑒𝑤𝐶𝑜𝑑𝑒) 

Figure 5: Candidate SER Forms Down-Selected for Fitting and Comparison 

Step 5. Fit Each Candidate Nonlinear Model Using Distinct Primary & Secondary 
Approaches: 
Fitting the coefficients of nonlinear models by minimizing SSE is a nontrivial effort due 
to the potential for multiple local minima and the resulting lack of guarantee that global 
optimal minimization has been achieved. To try nonlinear fitting, nonlinear search 
heuristics must be used to chase the optimal values. However, no nonlinear 
optimization approach is guaranteed to find true optimal values. Therefore, the team 
decided to take two distinct approaches to optimization to ensure robust results and 
recommendations. The next two sections will walk through the primary and secondary 
model fitting approaches. 

Step 5a. Primary Approach: Custom Developed Differential Evolution (DE) + Least 
Squares (LS) Nonlinear Optimization Python Script with K-fold Cross Validation (K-fold 
CV): 
The team’s primary approach to fitting the candidate models was to develop a Python 
script which minimizes the model SSE (Log Space), approximates variable significance, 
and conducts k-fold CV to ensure out-of-sample accuracy. The team decided to build an 
optimization script that utilizes a powerful combination of two nonlinear optimization 
approaches: DE and LS from the SciPy Python library. In this combined approach, DE 
explores the area of the global minima, where LS then refines to the precise local 
solution with the vector of the DE residuals. By conducting a sensitivity test on the 
residuals, the code also generates a Jacobian approximation of each parameter’s 
significance. To execute the k-fold CV, the script performs this optimization process on 
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five different folds of the data and records the coefficient parameters produced by each 
fold.  

 

Figure 6: Example Script Output for Re-fitting Boehm 2-Parameter Model (Candidate #1: Dev = 
a*Effort^b) 

Stability in parameter values across folds indicates a robust model structure and 
reduces the risk of overfitting, supporting confidence in the model’s ability to generalize. 
This is particularly important because nonlinear models, which are fit using optimization, 
are susceptible to overfitting. Consistency in parameter estimates across k-fold cross-
validation helps mitigate this risk.  
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Figure 7: Example K-fold Cross Validation Output Showing Consistency of Parameter Values a and b 
Across Folds 

Finally, the script creates a model based on the entire dataset along with its SSE and 
RMSE. If the parameter values from this fit were relatively consistent with the per-fold 
values and all parameters were significant, then the model definition was considered 
robust enough for consideration.  

Step 5b. Secondary Approach: @RISK Genetic Algorithm Nonlinear Optimizer: 
The team decided to pursue a distinct secondary approach to fitting the candidate SERs 
as a cross-check to the findings of the primary approach. For this approach, @RISK’s 
nonlinear optimizer was used. This tool utilizes a Genetic Algorithm (GA), a different 
search heuristic from DE and LS, to search for optimal values over millions of iterations. 
For this application, the optimizer was set to minimize SSE (Log Space). Logical, 
unrestrictive constraints were set on each of the model parameters, and the GA was 
run. This method checks 1,000 trials of 5,000 iterations each to find the optimal 
parameters. Like any nonlinear fitting approach, this optimizer has the potential to 
overfit the model to the data without a cross-check. However, if the GA reached 
relatively consistent conclusions as the DE + LS approach with k-fold CV, then there 
was higher confidence that the model definition was robust. Below is a sample output 
from the @RISK GA optimization log: 
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Figure 8: Sample @RISK Output from Re-fitting Boehm SER (Dev Duration = a*Effort^b) 

Step 5c. Verify Model Stability Across Both Approaches and K-fold CV: 
After fitting all four candidate SERs with both approaches, the team verified the stability 
of the model parameters. Additionally, the team analyzed the k-fold CV parameters to 
ensure stability and relatively close values to the overall model. The team also checked 
the Jacobian approximations of significance to ensure that all parameters were 
approximated as significant at the 95% confidence level. Each of the four candidate 
models was found to have significant parameters, acceptable k-fold CVs, and relatively 
high stability in overall parameter definition from the distinct approaches. 

Step 6. Compare Candidate Models Based on Fit, Robustness, and Simplicity: 
After fitting the candidate SER models and validating their health, the team lined them 
up to compare against the benchmark of Dr. Boehm’s COCOMO II SER. The figure 
below lays out the comparison: 

Goal is to minimize 
Model SSE in Log 
Space by adjusting 
coefficients 

Original SSE with guess 
coefficients was 751 

The Optimizer found 
coefficients that 
produce SSE of 345 

Original a: 3.67 

Best a: 12.12 

Original b: 0.298 

Best b: 0.199 
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Figure 9:  Comparison of Candidate SER Fits vs Industry Benchmark with Values from Both Fitting 
Approaches 

Figure 9 lays out the comparison of each candidate SER to each other and the 
benchmark. All four candidate SERs represent a significant improvement in predictive 
accuracy over the legacy benchmark, with much lower SSE/RMSE. Additionally, within 
each of the candidate SERs, there was strong stability in the coefficient values from 
each of the two optimization approaches (DE+LS and @RISK), giving confidence in the 
robustness of the fit. 

To select the best candidate SER, there were three main criteria that the team wanted 
to balance: fit, robustness, and simplicity. Fit refers to the predictive capabilities of the 
model and is measured by having the lowest RMSE. Robustness is indicated by the 
stability in parameter values between the distinct optimization approaches. Simplicity is 
somewhat subjective but determined by the number of parameters, as well as the 
objectivity and availability of the inputs. The team decided that SER Candidate 3 struck 
the best balance of these three criteria. In terms of fit, it had a consistent RMSE across 
both fitting approaches that was only 0.007 worse than the best performing model, a 
negligible tradeoff when compared with the preferred lower complexity of only two 
parameters. Additionally, its parameter values were more stable across the two fitting 
approaches than the more complicated Candidate 2. Its two input variables, Effort and 
PeakStaff, are relatively simple and objective to estimate. They also function logically 
within the SER. As effort increases, duration increases at a diminishing marginal rate, 
while increases in staffing reduce duration by diminishing marginal effectiveness. In 
plainer English, more SW development effort required increases durations with 
diminishing marginal impact, while higher staffing decreases duration with diminishing 
marginal benefit. The variables and variable forms included in this model also agree 
with prior successful SW SER research as discussed in the literature review. Overall, 
candidate 3 is robust, logical, tractable, and represents a significant improvement in 
performance over the benchmark. 
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The diminishing schedule returns of increasing Peak Staff implied by SER Candidate 3 
are shown in Figure 10 below. Analyzing the slope of this graph reveals that Peak 
Staffing can significantly reduce software development durations up to a point 
(approximately 10 Full-Time Equivalents (FTEs)), but beyond this point, additional Peak 
Staffing has lesser schedule benefit. In fact, adding FTEs beyond approximately 50 will 
yield only negligible schedule reductions. This finding is logical given understood SW 
development project management dynamics where increasing staff can actually lower 
productivity (GAO, 2009). A possible explanation for the decrease in marginal 
productivity as team size increases is that communication and coordination burdens 
increase nonlinearly with team size and can divert experienced staff from productive 
work.  

 

Figure 10: Impact of Negative Decimal Peak Staff Exponent on SW Dev Duration 

In the event that the Peak Staffing input is unknown (e.g., for a newly conceived CSCI 
development effort), the team recommends that DoW estimators use Peak Staffing 
numbers from historical analogous efforts. If that is not possible, then DoW estimators 
may also use SER Candidate 4, which performed almost as well as Candidate 3 and 
does not rely on Peak Staffing. 

Step 7. Propose New SERs: 
Overall, the team proposes the following software development SER for improved 
software schedule estimation across modern DoW programs: 

Equation 8: Newly Recommended SW Dev SER 

𝑺𝑾 𝑫𝒆𝒗 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏(𝑚𝑜𝑛𝑡ℎ𝑠)

= 𝟏𝟎. 𝟏𝟒𝟓 ∗ [𝑫𝒆𝒗 𝑬𝒇𝒇𝒐𝒓𝒕(𝑃𝑒𝑟𝑠𝑜𝑛 𝑀𝑜𝑛𝑡ℎ𝑠)]𝟎.𝟑𝟔𝟒

∗ [𝑷𝒆𝒂𝒌 𝑺𝒕𝒂𝒇𝒇(𝐹𝑇𝐸𝑠)]ି𝟎.𝟐𝟖𝟎 
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The exact parameter values are from the Candidate 3 primary approach (DE+LS 
optimization) due to its slightly improved performance and improved visibility with k-fold 
CV and Jacobian approximation as compared with the secondary approach @RISK 
optimizer. However, both approaches had nearly identical results, signaling robust 
conclusions. This SER achieved an SSE(Log Space) of 311 and an RMSE(Log Space) 
of 0.663. This is a significant improvement over the benchmark’s SSE(log Space) of 631 
and RMSE(Log Space) of 0.945. The relative predictive accuracy of these models can 
be more intuitively understood if their errors are converted back to linear space. 
Equation 9 shows the relationship that turns raw linear space errors into Median 
Absolute Percentage Error (MdAPE). MdAPE is a more appropriate measure of 
accuracy than Mean Absolute Percentage Error (MAPE) in this application due to 
MAPE’s susceptibility to outliers (Trapero et al., 2013) and its documented bias to 
models that underpredict (Makridakis, 1993). 

Equation 9: Median Absolute Percentage Error 

𝑴𝒅𝑨𝑷𝑬 =

𝑚𝑒𝑑𝑖𝑎𝑛 𝑜𝑓𝑎𝑏𝑠𝑜𝑙𝑢𝑡𝑒 % 𝑒𝑟𝑟𝑜𝑟𝑠 ቀ 
|஺௖௧௨௔௟ ஽௨௥௔௧௜௢௡೔ି௉௥௘ௗ௜௖௧௘ௗ ஽௨௥௔௧௜௢௡೔|

஺௖௧௨௔௟ ஽௨௥௔௧௜௢௡೔
 ቁ  𝑓𝑜𝑟 𝑎𝑙𝑙 𝐶𝑆𝐶𝐼𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑎𝑡𝑎𝑠𝑒𝑡  

Dr. Boehm’s COCOMO II SER had an MdAPE of 53%, meaning that half of the 
predicted durations had absolute percent errors smaller than 53% and half had larger 
errors. This study’s proposed SER had an MdAPE of 35%, meaning that half of the 
predicted durations had absolute percent errors smaller than 35% and half had larger 
errors. The proposed SER represents a significant improvement in predictive accuracy. 
The following figure plots the distribution of the proposed SER’s predicted durations vs 
actual durations and clearly demonstrates this model’s improved predictive fit relative to 
the benchmark in Figure 11: 
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Figure 11: Proposed SER Predicted CSCI Durations vs Actual CSCI Durations 

In addition to the improved fit, the proposed SER requires simpler, more objective inputs 
than the COCOMO II benchmark. This will help improve defensibility and consistency in 
software schedule estimates. 

After determining this “one-size-fits-all” SER, the team then fitted more targeted models 
for each specific Application Domain and Application Super Domain defined in the 
SRDR dataset. These models were fitted using the primary approach of DE+LS 
optimization with k-fold CV and Jacobian significance approximation. Each application 
domain’s data was separated and fitted individually to the proposed SER format: 

Equation 10: Newly Recommended SW Dev SER (Standard Format) 

𝑺𝑾 𝑫𝒆𝒗 𝑫𝒖𝒓𝒂𝒕𝒊𝒐𝒏(𝑚𝑜𝑛𝑡ℎ𝑠) = 𝒂 ∗ [𝑫𝒆𝒗 𝑬𝒇𝒇𝒐𝒓𝒕(𝑃𝑒𝑟𝑠𝑜𝑛 𝑀𝑜𝑛𝑡ℎ𝑠)]𝒃 ∗ [𝑷𝒆𝒂𝒌 𝑺𝒕𝒂𝒇𝒇(𝐹𝑇𝐸𝑠)]𝒄 

The results of this analysis are shown in the table below (Figure 12): 
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Figure 12: Alternative SER Coefficients for Specific Software Application Domains 
(see below for information on color scale) 

When estimating software development durations for the specific application domains 
and application super domains marked in green, use the respective alternative 
coefficients (a, b, c). For these domains marked in green, the SER could be 
successfully fitted to those specific points and are more accurate predictors than the 
overall model based on RMSE. For the domains marked in yellow, the SER was 
successfully fitted to the specific domain data but resulted in lower predictive capability 
than the overall SER, so the overall SER is preferable. Finally, for the domains marked 
in orange, the SER could not be fit to the specific domain data with approximated 
statistical significance, and the overall SER should therefore be employed. 

This study satisfied Objective 1 by providing an improved, logical, and robust SW 
development effort to duration SER, along with more accurate domain-specific SERs 
where appropriate. 
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VI. OBJECTIVE 2 ANALYSIS: UNDERSTANDING THE 
DYNAMICS OF SW DEVELOPMENT SCHEDULE 
COMPRESSION 

Objective 2 examined the extent to which SW development schedules in the provided 
SRDR dataset exhibit meaningful compression relative to their original baseline 
estimates. Using the SRDR Golden Pairs (GP) database, which links initial and final 
submissions for the same programs, the team compared predicted software 
development durations to actual realized durations. To preserve independence for 
statistical testing, data were aggregated at the program level by summing the 
development durations of all included CSCIs within each program. After excluding five 
programs due to missing, zero, or nonsensical duration values, the final dataset 
consisted of 65 independent programs suitable for analysis. (This data preparation 
process is also described in the Data Collection and Quality Assessment section of this 
report). 

Descriptive Statistics and Empirical Distribution of Schedule Compression 
Schedule compression was defined as the ratio of actual development duration to 
initially predicted duration, with values less than 1.0 indicating schedule compression 
and values greater than 1.0 indicating schedule expansion. Descriptive analysis 
revealed that schedule expansion is more common than compression. Only 6.2% of 
programs achieved compression to less than 75% of their originally predicted durations, 
which the team termed as “extreme” schedule compression. Furthermore, only 15% of 
programs achieved any schedule compression at all. Overall, these findings suggest 
that successful schedule acceleration outcomes are uncommon within observed DoW 
software development efforts. 
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Figure 13: Distribution of Program Schedule Compression Ratios 

Statistical Inference on Compression Limits and Potential Predictors 
To determine whether extreme compression (≤ 0.75 ratio) could be expected as a 
planning assumption, a one-sample binomial proportion test was conducted. The null 
hypothesis tested whether the true proportion of programs achieving such compression 
was equal to assumed planning thresholds (10% and 15%). With n = 65 programs and k 
= 4 observed cases meeting the ≤ 0.75 threshold (p̂ = 0.062), results indicated that 
compression at this level is statistically unlikely to exceed ~13.5% of programs at the 
5% significance level. These findings suggest the presence of a practical lower bound 
near the 75% compression threshold within the SRDR dataset, indicating that extreme 
schedule compression is uncommon and should not be treated as a baseline planning 
assumption. 

Following this finding, the team explored whether observable SRDR variables could 
meaningfully predict schedule outcomes. Two candidate explanatory factors were 
examined: program structural complexity (measured by number of included CSCIs) and 
scope growth (measured as final ESLOC divided by initial ESLOC). Because both 
variables exhibited right-skewed and multiplicative behavior, log transformations were 
applied prior to analysis. 
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Figure 14: Investigating Program Structural Complexity and Scope Growth on Schedule 
Compression/Expansion 

Spearman rank correlation testing revealed a negligible association between a 
program’s CSCI count and its schedule compression/expansion ratio (𝜌 = 0.06), 
suggesting that architectural decomposition alone does not systematically influence 
schedule outcomes. A Kruskal-Wallis test was conducted to compare the distribution of 
the compression/expansion ratio across CSCI count bins (1-2, 3-4, 5-8, 9+). The results 
indicated no statistically significant difference between groups at the 5% level (H = 0.64, 
p = 0.89). Similarly, program scope growth showed minimal correlation with schedule 
outcomes (𝜌 = -0.04). A Mann-Whitney U test was conducted to investigate whether 
scope growth meaningfully differentiates program schedule outcomes. Programs were 
divided into two independent groups based on whether their ESLOC growth fell below 
or above the median value (1.44). This test yielded no statistically significant difference 
in compression/expansion distributions (U = 584.5, p = 0.46). 

Collectively, these results indicate that neither structural decomposition nor scope 
growth alone reliably predicts whether a program will experience schedule compression 
or expansion. The dominance of schedule expansion in the dataset suggests that 
unobserved programmatic, contractual, or organizational factors may play a more 
influential role in determining schedule outcomes than the structural or size-based 
variables available in the dataset. These findings reinforce the importance of 
conservative schedule planning and suggest management-driven compression 
assumptions should be applied cautiously unless supported by specific, demonstrable 
program conditions.  
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VII. OBJECTIVE 3 ANALYSIS: QUANTIFYING THE IMPACT OF 
AGILE ON SW DEVELOPMENT TIMELINES 

Under Objective 3, the team sought to analyze whether and how the adoption of Agile 
(and other “iterative”) development approaches has impacted software development 
durations. For this portion of the analysis, the team leveraged the main, larger SRDR 
export (also used for Objective 1). After the data cleaning efforts discussed earlier, this 
dataset contained approximately 100 CSCI project records pre-tagged as using either 
Agile or another “iterative” development approach. (In contrast, the dataset contained 
approximately 600 CSCI records tagged as using more traditional development 
approaches, especially Waterfall and other generally “incremental” approaches.) The 
team chose to expand its definition of Agile projects to include those characterized as 
“iterative” because this more than tripled the number of data points in the Agile category 
and would hopefully yield more statistically significant results. 

Descriptive Statistics for Agile and Non-Agile Development Durations 
First, the team compiled descriptive statistics on how Agile/Iterative software 
development projects tend to perform in terms of schedule efficiency compared to all 
other projects in the dataset. Because this analysis objective still falls under the 
umbrella of software development schedule estimation, “schedule efficiency” was 
defined as the total calendar time taken to complete a given amount of development 
labor effort. For the purposes of reviewing descriptive statistics, this could be expressed 
simply as the ratio of development duration to development effort. 

Figure 15 (below) is a box-and-whisker plot comparing the distributions of these 
duration-to-effort ratios for the ~100 Agile/Iterative projects (in blue) vs the ~600 other 
projects (in grey). The distributions largely overlap, and if anything, the Agile/Iterative 
project group had a slightly higher average (1.01 vs 0.83) and median (0.37 vs 0.24) 
duration-to-effort ratio. Thus, from this initial look, Agile adoption does not appear to be 
associated with clearly greater schedule efficiency. In fact, it is debatable whether 
Agile/Iterative projects have meaningfully different duration-to-effort ratios at all. 

Presented at the ICEAA 2026 Professional Development & Training Workshop - www.iceaaonline.com/nfk2026



26 
 

 

Figure 15: Duration-to-Effort Ratios for Agile/Iterative vs Non-Agile/Iterative CSCI Development Projects 

In an initial attempt to incorporate covariates, the team wanted to confirm that the 
results from the overall box-and-whisker plot (Figure 15) held true for various subsets of 
the dataset. Accordingly, Figure 16 (below) contains similar box-and-whisker plots, 
except the dataset was first segmented by other variables known to influence schedule 
duration (according to the literature review or the Objective 1 analysis). From left to 
right, these variables include: Super Application Domain (where AIS = “Automated 
Information System,” ENG = “Engineering,” MS = “Support,” and RT = “Real-Time”), 
Peak Staff (in FTEs), and Percent New Code. Across these additional views, the same 
general pattern holds: Agile/Iterative projects had duration-to-effort ratios that overlap 
with those of non-Agile/Iterative projects. This provided an initial indication that the 
underwhelming schedule efficiency observed for Agile/Iterative projects was not being 
driven by overlap with other variables. 

 

Figure 16: Duration-to-Effort Ratios for Agile/Iterative vs Non-Agile/Iterative CSCI Development Projects, 
Segmented by Super Domain, Peak Staff Buckets, and Percent New Code Buckets 

Regression Analysis of Agile Adoption as a Development Duration Predictor 
Second, the team continued evaluating whether Agile adoption impacts the effort-to-
duration equation using regression analysis. This analysis was built on the techniques 
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and results developed under Objective 1. Notably, the Agile/Iterative project indicator 
variable did not emerge as a key schedule duration predictor during the Objective 1 
SER optimization process, which was another early sign that Agile adoption may not be 
significantly impacting schedule durations. However, for Objective 3, the team 
deliberately added the Agile/Iterative project indicator to several of the best-performing 
SERs identified under Objective 1 – in order to assess the additional, independent 
impact that Agile adoption might have on duration outcomes. This was initially 
performed using CO$TAT’s nonlinear regression module and resulted in the SERs 
summarized in Figure 17 (below). 

 

Figure 17: Agile-Inclusive SER Equations Developed Using CO$TAT 

The team elected to model the Agile indicator variable as a duration multiplier because, 
according to the literature review, this appeared to be the preferred way to model binary 
variables within power-law SERs. Furthermore, this allowed for a straightforward 
interpretation of the Agile variable coefficient estimated by the regression: the coefficient 
value is essentially a multiplicative factor on duration that applies only to Agile/Iterative 
projects (i.e., when the Agile indicator variable equals 1/YES), while for all other projects 
the expression evaluates to 1.0 (i.e., no effect). 

Figure 17 (above) contains all Agile-inclusive SER results that CO$TAT was able to 
converge on, as well as important fit and diagnostic measures that CO$TAT provides 
for nonlinear regression coefficients. Across these SERs, the Agile coefficient estimates 
were relatively stable, ranging from 0.93 to 0.98. These coefficient point estimates could 
be interpreted to mean that, holding all other included schedule predictors constant, 
Agile/Iterative projects have ~2-7% shorter durations than projects using 
Waterfall/Incremental/etc. However, it was problematic that the 95% confidence 
intervals for these coefficients all included 1.0 (which would translate to Agile adoption 
having no independent effect on durations). In short, given the relatively wide errors on 
these coefficient estimates, the team could not conclude (based on these results alone) 
that Agile adoption has a statistically significant impact on durations whatsoever (i.e., a 
true coefficient value different from 1.0). Finally, because the Agile coefficients across 
all three SERs had relatively low correlations with the other coefficients being estimated 
(magnitudes of 0.14 or less), there was no indication that multicollinearity was causing 
these Agile results to appear weak and inconclusive. On the contrary, these correlation 
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coefficients were much lower than the rule-of-thumb magnitude of 0.7 (or greater), 
which would normally raise concern that multicollinearity may be distorting the 
regression results. 

The team repeated this process of using CO$TAT to add an Agile multiplier to the 
leading SERs, while simultaneously adding multipliers for dummy variables on the four 
Super Application Domains. The team did this to explicitly control for Super Application 
Domain, which was the last covariate of greatest concern. The results of these 
regressions are summarized in Figure 18 (below). Even after deliberately holding Super 
Domain constant, the major themes from the regression results remained largely the 
same: Agile adoption was estimated to lead to marginally (~<0-5%) shorter 
development durations, but this effect was not statistically meaningful. Additionally, 
there were still no warnings about problematic multicollinearity. 

 

Figure 18: Agile and Super Domain-Inclusive SER Equations Developed Using CO$TAT 

Finally, the team cross-checked all six CO$TAT SERs (listed in Figures 17 and 18) 
using the Python SER optimizer developed under Objective 1. The resulting Python 
SERs are summarized in Figure 19 (below). One major benefit of this cross-check was 
that the Python script converged on Agile (and Super Domain)-inclusive versions of all 
four leading SERs from Objective 1, whereas CO$TAT had trouble with the SER 
containing both Peak Staff and Percent New Code. Additionally, across all eight SERs, 
the Python script identified Agile coefficient values that were significant at the 95% 
confidence level based on Jacobian approximations, whereas CO$TAT had indicated 
that all six Agile coefficient values were not statistically distinguishable from 1.0 at the 
same confidence level. 
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Figure 19: Agile and Super Domain-Inclusive SER Equations Developed Using the DE+LS Optimization 
Python Script 

The Figure 19 Python regressions resulted in the same major takeaways. Although all 
Agile coefficients were approximated as significant, they hovered right above and below 
1.0 (between 0.99 and 1.02), reiterating that the independent impact of Agile adoption 
on schedule durations is extremely negligible, if not nonexistent. These results 
continued to hold true even when deliberately controlling for Peak Staff, Percent New 
Code, and/or Super Application Domain, in addition to Effort. 

Discussion: Why Agile Adoption Does Not Necessarily Lead to Greater Schedule 
Efficiency 
The team formulated several potential explanations for why the Agile/Iterative CSCI 
development projects represented in SRDRs do not appear to achieve greater schedule 
efficiency, despite Agile’s widespread reputation for speed and adaptability. First, this 
may be driven by differences in contracting structures and incentives within the DoW 
compared to the private sector. Agile adoption may be less fruitful in DoW software 
development because DoW contracts often remain anchored to rigid milestones and 
prescribed deliverables, whereas private sector contracts tend to better align incentives 
with rapid delivery of usable capability. Second, Agile in practice emphasizes delivering 
high-priority refinements to earlier product iterations, not necessarily delivering a final 
product quickly. Third, any schedule efficiencies gained through Agile adoption may be 
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offset or absorbed (for example, when developers finish their assigned stories for a 
sprint, they may choose to test more thoroughly, and document completed code instead 
of taking on new stories early). This aligns with Parkinson’s Law, which states that “work 
expands so as to fill the time available for its completion” (Parkinson, 1958). Fourth, 
development teams that claim Agile adoption on SRDR forms may not be implementing 
it properly or wholeheartedly. For example, DoW contractors may be using Agile 
buzzwords to describe their workflows, but in practice, they have not moved beyond 
Waterfall. Fifth, teams may be turning to Agile/Iterative approaches for CSCI projects 
that are especially difficult or complex in ways not captured by Application Domains, 
which are traditional proxies for complexity in software schedule estimation. If so, this 
could be unduly penalizing Agile/Iterative projects in the regression results. Finally, the 
disparity between Agile/Iterative vs non-Agile/Iterative CSCI records (~100 vs ~600) 
within the analyzed SRDR subset may have contributed to relatively imprecise Agile 
coefficient estimates, compared to what might be inferred from a larger and more 
balanced dataset. Moreover, because Agile/Iterative methodologies are relatively newer 
(as evidenced by their first appearing in the subset in 2006), this analysis may have 
been biased by including projects where teams were still getting up to speed with Agile. 
In contrast, Waterfall and other traditional methodologies were well established before 
the beginning of the subset (2001). As a result, the findings may become more 
favorable to Agile if the analysis could be repeated using only more recent Agile 
projects, when the methodology was more mature and should therefore better represent 
forward-looking project conditions. 

 

VIII. SUMMARY 

A. CONCLUSIONS 
This capstone demonstrates that current software schedule estimation practices used 
within the DoW are not well aligned with observed development outcomes. The widely 
used COCOMO II schedule estimation relationship underpredicts actual software 
development durations, reinforcing the need for updated, data-driven models. Through 
analysis of SRDR data, this capstone developed an improved software development 
SER that significantly reduces prediction error while relying on only two objective inputs: 
development effort and peak staffing. In addition to improving predictive accuracy, the 
model provides greater transparency and ease of use, making it more defensible for 
application to DoW schedule estimation. 

The analysis of schedule compression further shows that meaningful reductions in 
planned software development timelines are uncommon in practice. Only ~6% of 
programs achieved durations less than 75% of their originally predicted schedules, and 
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statistical testing suggests that such outcomes are unlikely to exceed roughly 13% of 
programs. Moreover, commonly considered structural indicators such as architecture 
size and scope growth do not explain the variation in schedule outcomes, indicating that 
software development timelines are not easily compressible through simple program 
design choices. Instead, these results suggest that schedule outcomes are likely 
influenced by a broader set of interacting programmatic, managerial, and environmental 
factors that are not fully captured within the SRDR dataset. 

Finally, the analysis of Agile development practices indicates that, when controlling for 
other major predictors, Agile adoption has a negligible and indeterminate effect on 
development duration. While Agile is often associated with increased flexibility and 
responsiveness, the results suggest that it should not be assumed to independently 
reduce software development timelines in the DoW context. Taken together, these 
findings provide a more realistic and empirically grounded understanding of software 
schedule behavior, supporting improved estimation practices and more informed 
decision-making. 

 

B. RECOMMENDATIONS 
Based on the findings of this capstone, several recommendations can be made to 
improve software schedule estimation practices within the DoW. First, estimators should 
adopt the updated SER developed in this analysis, either in its overall form or with 
domain-specific adjustments where appropriate. This model provides a significant 
improvement in predictive accuracy over the legacy COCOMO II relationship while 
maintaining simplicity and transparency, making it well-suited for practical application. 

Second, estimators and program decision-makers should treat aggressive schedule 
compression assumptions with caution. The empirical evidence indicates that extreme 
compression of software development timelines is rare and should be considered a 
stretch outcome rather than a baseline planning assumption. Incorporating overly 
optimistic compression expectations into program plans may lead to unrealistic 
schedules, increased risk, and downstream cost growth. 

Third, estimators should avoid assuming that Agile development practices will inherently 
result in shorter development durations. While Agile may offer benefits in terms of 
flexibility of incremental delivery, its impact on overall schedule length appears to be 
negligible when controlling for other factors. Schedule estimates should be grounded in 
empirical data rather than assumptions about development methodology alone. 

Finally, decision-makers should recognize the limitations of available data sources like 
SRDRs and account for program-specific factors that may not be explicitly included in 
quantitative models. Incorporating expert judgment, historical analogs, and contextual 
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program knowledge remains essential for producing realistic and defensible schedule 
estimates.  

 

C. FURTHER ANALYSIS 
While this capstone provides meaningful insights into software schedule estimation, 
several areas could benefit from further analysis. Future work could expand the dataset 
to include more recent projects/programs, particularly those developed after 2021. This 
would enable analysis of critical emerging trends, including the potential impact of 
generative AI on software development timelines.  

Further refinement of schedule estimation models is another area of key interest. While 
the proposed model balances accuracy and transparency, additional research could 
explore more complex model forms, interaction effects between variables, or alternative 
machine learning approaches to capture nonlinear relationships in greater detail. 
However, such efforts should be carefully weighed against the need for interpretability 
and practical usability in a defense acquisition context.  

A deeper investigation into the drivers of extreme schedule outcomes could provide 
valuable insights. Case study analysis of outlier programs may help identify common 
characteristics or decision-making patterns that contribute to these outcomes, enabling 
more targeted improvements in both estimation practices and program execution. 

An additional analysis of the relationship between time and Agile SW development 
outcomes could provide deeper insight into the limited observed impacts from this 
study. As discussed earlier, one of the potential explanations for the limited observed 
difference in development schedule outcomes is that this SRDR dataset captures the 
earliest, and therefore likely the least refined, DoW Agile development efforts. Future 
analysis could leverage the same or a more up to date SRDR subset to determine if 
Agile impacts have changed over time.  

Finally, the imbalance in the dataset between Agile and non-Agile records may have 
hindered the analysis. Expanding the dataset to include a larger and more recent, 
representative sample of Agile projects would improve confidence in the findings. 
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