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INTRODUCTION
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SW Schedule Estimation Practices Need Modernization

 Problem/Requirement: Software development timelines, a major cost and schedule driver 
in modern DoW programs, are difficult to estimate accurately due to the complexity and 
diversity of software projects and evolving development practices. A more robust, 
statistically validated relationship between development effort and duration is needed to 
improve the accuracy and defensibility of DoW software schedule estimates.

 Software schedules are currently estimated using development effort (based on ESLOC and 
productivity) as the main independent variable. This approach, rooted in Boehm's 1981 COCOMO 
model and its 2000 update, appears overly simplistic for today's diverse and evolving software projects.

 Organizations are increasingly shifting from traditional linear development approaches (Waterfall) to 
iterative approaches (Spiral and Agile).

 Inaccurate/imprecise estimates can weaken confidence in DoW cost and schedule estimation, as well 
as contribute to inefficient resource allocation and unrealistic/misaligned expectations.
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 Boehm's COCOMO II Software Development SER Approximation: 
𝑺𝑺𝑺𝑺 𝑫𝑫𝑫𝑫𝑫𝑫 𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫 𝒊𝒊𝒊𝒊 𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎 = 𝟑𝟑.𝟔𝟔𝟔𝟔 ∗ 𝑫𝑫𝑫𝑫𝑫𝑫 𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬 𝟎𝟎.𝟑𝟑𝟑𝟑𝟑𝟑 (𝒊𝒊𝒊𝒊 𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑 𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎𝒎)

*Note: SER Approximation assumes nominal scale factor values – subjective factor selection could improve fit.

BLUF: Current SER Does Not Reflect
Actual DoW Timelines

Many SW Dev efforts that 
would be expected to 

have low duration based 
on total effort actually 

take much longer, 
implying that there are 

other variables which need 
to be accounted for.
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3 Objectives to Improve SW Schedule Estimation

 Project Goal: To provide the DoW with an updated understanding of trends and key 
factors influencing software development timelines, along with specific techniques for 
more accurately and defensibly estimating those timelines. With this knowledge, 
DoW decision-makers can plan with greater confidence, allocate resources more 
effectively, and reduce cost and schedule risk across programs.

 Objective #1: Identify and validate a new SER that reliably converts SW development 
effort into duration

 Objective #2: Assess the opportunities for SW development schedule compression

 Objective #3: Analyze the extent to which Agile adoption impacts development durations
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Cleaned, Quality Data Underpins Our Analysis

Actual SW Development Program Data: sponsor-provided subsets of NAVAIR-owned SRDR dataset (SW Resources Data Reporting)

 One general & one "Golden Pairs" export (paired initial and final records) – spanning 2001 to 2021

 All data points are at CSCI (Computer Software Configuration Item) level ~ 5,000 – 250,000 ESLOC
o Note: Team aggregated GP data at program level (SUM of all included CSCI durations) to create independence for statistical tests

 Only considered data points tagged as "good" by NAVAIR & MDA (as in, seemingly most complete/reliable)
o Note: Upon further investigation, team excluded 105 addl. CSCIs from general export & 5 addl. programs from GP export based on

missing/zero or nonsensical values for critical variables (esp. Peak Staff & Duration)
 ➔ Final result: 706 CSCIs & 65 GP programs to be analyzed

 Data fields include: end item operating environment, application domain, super application domain, peak staffing, actual dev durations in
months, dev process, primary language, ESLOC, and effort by development stage in hours

SW dev of #0036 was completed in 36 months in 2010 for a Real-Time Embedded CSCI in a Manned Air Vehicle 

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



8

Key Analysis Boundaries
 Ground Rules:

 The "software development" duration being estimated in our project accounts for the SW development activities involved in 
CSCI development: SW Design, Coding and Unit Testing, SW Integration, and Full Qual Test (FQT) (see next slide)

 Assumptions:
 SRDR data subset is comprised of reliably accurate & complete CSCI data points (potentially introducing survivorship bias)
 SERs derived from this dataset would be applicable to similar software development efforts across DoW
 1 Person-Month of effort is defined as 152 working hours (consistent w/ Boehm's analysis)
 Boehm SER is approximated based on the nominal scale factor values in the absence of subjective information about 

specific programs

 Constraints:
 Little or no insight into program/contractor information as dataset was pre-sanitized by sponsor
 Provided dataset does not have "good" data points beyond 2021, so could not analyze/comment on effects of generative AI 

adoption

 Limitations:
 Time restriction of Capstone project impacted the time allotted for model investigation

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



9

Scope of CSCI Software Development
 Ground Rules:

 The "software development" duration being estimated in our project accounts for the SW development activities involved in 
CSCI development: SW Design, Coding and Unit Testing, SW Integration, and Full Qual Test (FQT)

 Some system-level software development activities are excluded because they are shared across CSCI's and are more 
related to the Systems Engineering process

Software Design Coding & Unit Testing Software Integration Full Qualification Test

System-Level Activities – Out of Scope 

CSCI-Level Activities – In Scope

Software 
Requirements 

Definition
Developmental Test 

& Evaluation

Software Development Activities Included in Schedule Estimation:
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Key Analytical Tools

 Excel
o SRDR database subsets were provided as Excel files
o Generally used for data organization and visualization, as well as outlier identification and filtering
o Native formulas (e.g., =binom.dist() for one-sample proportion test) to conduct steps within parametric and 

non-parametric statistical tests

 Excel Data Analysis ToolPak
o Generate descriptive statistics & perform simpler (linear) regressions

 ACEIT CO$TAT (Cost Analysis Statistics Package)
o Quickly perform more complex regressions (esp. non-linear models with dummy variables) [however, 

sometimes failed to converge on/optimize nonlinear solutions]

 Python
o Prebuilt packages (numpy, pandas, sklearn, matplotlib, scipy) for testing non-linear models
o Ability to write powerful custom scripts for non-linear regression optimization & validation

 Lumivero @RISK
o Alternate approaches/algorithms for robust non-linear regression optimization
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Project Expands Upon Prior Studies

Slides from NPS OS4702 (Cost Estimating II) class

 2014: "Improved Method for Predicting Software Effort and 
Schedule"

 Authors: Rosa, Boehm, Clark, Madachy, Dean, Jones, McGarry
 Data: 213 SRDR projects completed 2004-2012, reported at 

CSCI level
 SER equation: Duration = A * KSLOC^(+B) * Average FTE^(-C)
 SERs segmented by nine "Application Types" (AD groupings)
 SER fit: CVs 19-34%

 2015: "Early Phase Software Cost and Schedule Estimation 
Models"
 Authors: Rosa, Boehm, Clark, Madachy, Dean, Jones, McGarry, 

Lanham, Walshein
 Data: 40 SRDR projects completed 2006-2014, reported at total 

level
 SER equation: Duration = Estimated Effort^(0.5290); Duration 

= Actual Effort^(0.5051)
 SER fit: CV 60%; 48%

 2016: "Process-Related Effort and Schedule Estimating 
Relationships for Software Cost Estimating"
 Authors: Rosa, Lanham, Walshein
 Data: 204 SRDR projects completed 2002-2013, reported at 

CSCI level
 SER equation: Actual Duration = 1.04-2.4 * Estimated 

Duration^(0.75-1.07)
 SERs segmented by Software Language, Contract Type, and 

Capability Maturity Level
 SER fit: CV 16-48%

 2020: "Empirical Effort and Schedule Estimation Models for 
Agile Processes"
 Authors: Rosa, Boehm, Clark, Madachy
 Data: 36 SRDR Agile projects completed 2008-2019, reported 

at CSCI level
 SER equation: Duration = A * Requirements^(+B) * Super 

Domain DV; Duration = A * Requirements^(+B) * Peak 
FTE^(-C) * Super Domain DV

 SERs adjusted for four "Super Domains" (AD groupings)
 SER fit: MMREs 28-30%

 2022: "Data-Driven Agile Software CERs and SERs 
Derived from DHS Projects"
 Authors: Rosa, Jardine, Roye, Lucas, Eaton
 Data: 18 DHS/DoW AIS Agile projects completed 2014-2021, 

reported at total level
 SER equation: Duration = A * Stories^(+B) * Scope  DV: 

Duration = A * Story Function Points^(+B) * Scope DV
 SERs adjusted for Full Development vs. Enhancement
 SER fit: MADs 19%

 2023: "A Novel Approach to Early Phase Agile Software 
Estimating and Sizing"
 Authors: Rosa, Jardine
 Data: 20 DHS/DoW AIS Agile projects completed 2014-2022, 

reported at total level
 SER equation: Duration = A * Capability Gaps^(+B): Duration 

= A * Epics^(+B)
 SER fit: MMREs 16-24%

Catalog of DoW Software Development SER Studies:

Key Takeaways: Objectives #1-3 have all been explored; however, there is strong 
precedent for revisiting these questions using larger and more up-to-date datasets. 
There is also clear precedent for using certain SER predictor & segmentation variables.
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What the Literature Says and How We Used It

Literature Insight Shaping Our Approach
Legacy SERs underpredict timelines: Effort-only models 
(Boehm's SER) miss major drivers of real-world 
duration.

Benchmarked Boehm's SER to quantify 
underprediction: Used as a baseline to evaluate 
proposed SER's improvement.

Process and management affect outcomes: Staffing 
patterns, schedule compression, and development 
model all influence duration beyond effort.

Analyzed compression and Agile as separate 
objectives: Dedicated analyses for schedule 
compression (Obj. 2) and Agile impacts (Obj. 3).

Log-space fitting is preferred: Research supports 
minimizing relative (log-space) error because schedule 
behavior is multiplicative.

Fit all candidate SERs in log-space: Ensured fair 
weighting of small and large projects and stable 
optimization.

Agile improves predictability: Agile projects generally 
complete sooner and show reduced variability 
compared to traditional methods.

Included Agile indicators and tested significance: 
Assessed Agile as a candidate variable in SER fitting 
and duration comparisons.
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OBJECTIVE #1
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Review: Our Approach to Determining a New SER

1. Clean Data

2. Fit Boehm's Existing SER vs Actual SRDR Data to get Benchmark

3. Analyze Errors to Determine Correct Model Optimization Goal

4. Use CO$TAT to Test Candidate Variables for Significance/Logic

5. Down-Select Variables for Inclusion in Candidate Nonlinear Models

6. Fit Each Candidate Nonlinear Model Using: 
A. Differential Evolution (DE) + Least Squares (LS) Nonlinear Optimization Python Script with K-fold Cross Validation (CV)
B. @RISK Genetic Algorithm Nonlinear Optimizer (5 Million Iterations)

7. Verify Stability of Model Fitting Across Different Approaches + CV

8. Compare Candidate Models Based on Fit, Robustness, and Simplicity

9. Propose New SER
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The Benchmark: Boehm's Existing SER Fit
 Boehm's COCOMO II Software Development SER: 

𝑺𝑺𝑺𝑺 𝑫𝑫𝑫𝑫𝑫𝑫 𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫 = 𝟑𝟑.𝟔𝟔𝟔𝟔 ∗ 𝑫𝑫𝑫𝑫𝑫𝑫 𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬 𝟎𝟎.𝟐𝟐𝟐𝟐+𝟎𝟎.𝟐𝟐∗(𝑬𝑬−𝟎𝟎.𝟗𝟗𝟗𝟗)

E 0.91 – 1.226 based 
on 5 subjective 
Scale Factors

Assuming Nominal SFs, 
E=1.0997, SER simplifies to

𝑺𝑺𝑺𝑺 𝑫𝑫𝑫𝑫𝑫𝑫 𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫 = 𝟑𝟑.𝟔𝟔𝟔𝟔 ∗ 𝑫𝑫𝑫𝑫𝑫𝑫 𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬 𝟎𝟎.𝟑𝟑𝟑𝟑𝟑𝟑 

SSE (Log Space) = 630.755    RMSE (Log Space) = 0.945  

Legacy COCOMO II SER underpredicts SW Dev Durations and relies on complex, subjective input.

Underprediction

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



16

Understanding How to Optimize SER Model

- In Boehm's Model, residual variance increases 
as the development duration increases, 
meaning Heteroskedasticity is present and 
refitting the model coefficients by minimizing 
raw error could bias the model to big projects

- Each of our candidate models also had the 
same Heteroskedasticity

When fitting coefficients / comparing fit between candidate non-linear models, the goal should be minimizing Root 
Mean Square Error (RMSE). The question is whether squared errors should be calculated in linear or log space...

➔ Answer: When fitting candidate models, minimizing squared errors in log space will in turn minimize relative 
(percent) deviations instead of absolute months so that small and large projects are weighted fairly​
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2-Pronged Nonlinear Model Optimization Approach

 Primary Approach – Develop 
Differential Evolution (DE) + Least 
Squares (LS) Optimization Python 
Script with K-fold Cross Validation
 DE explores for the global minima
 LS focuses on precise minima when the global 

area is found
 Significance of coefficients is estimated using 

Jacobian Approximation
 K-fold Cross Validation fits model on 5 different 

subsets of the data so we can understand the 
stability of model to out-of-sample data

 Secondary Approach – @RISK 
Genetic Algorithm Optimizer
 Set logical, unrestrictive constraints on 

coefficient values and let GA minimize 
SSE (Log Space) 

 Powerfully checks 1,000 Trials of 5,000 
Iterations each

 Potential to overfit without cross check

Fitting nonlinear models is challenging due to multiple local minima. With consistency in results across 
the two different fitting approaches, we ensure robust model definition and out-of-sample performance.
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Comparing Our Candidate SERs

Model: Benchmark Candidate 1 Candidate 2 Candidate 3 Candidate 4

Definition 𝑎𝑎 ∗ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑏𝑏 𝑎𝑎 ∗ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑏𝑏
𝑎𝑎 ∗ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑏𝑏
∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑐𝑐 ∗ (1 + 𝑑𝑑
∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)

𝑎𝑎 ∗ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑏𝑏
∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑐𝑐

𝑎𝑎 ∗ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑏𝑏 ∗ (1 + 𝑐𝑐
∗ 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃)

Source COCOMO II Value DE+LS 
Value

@RISK 
Value

DE+LS 
Value

@RISK 
Value

DE+LS 
Value

@RISK 
Value

DE+LS 
Value

@RISK 
Value

a 3.67 11.827 12.536 9.282 10.186 10.145 10.536 10.395 10.535

b 0.318 0.199 0.187 0.346 0.355 0.364 0.354 0.189 0.187

c - - - -0.263 -0.295 -0.280 -0.276 0.402 0.393

d - - - 0.296 0.165 - - - -

SSE (Log) 631 345 345 304 306 311 311 334 334

RMSE (Log) 0.945 0.699 0.699 0.656 0.658 0.663 0.663 0.687 0.687

Each of our candidate models showed significant predictive improvement compared to the COCOMO II 
model. Candidate 3 is the best choice because of its combination of predictive performance and simplicity.
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Our Improved Overall SW Dev SER

𝑺𝑺𝑺𝑺 𝑫𝑫𝑫𝑫𝑫𝑫 𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
= 𝟏𝟏𝟏𝟏.𝟏𝟏𝟏𝟏𝟏𝟏 ∗ 𝑫𝑫𝑫𝑫𝑫𝑫 𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬(𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀) 𝟎𝟎.𝟑𝟑𝟑𝟑𝟑𝟑 ∗ [𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷 𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺𝑺 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ]−𝟎𝟎.𝟐𝟐𝟐𝟐𝟐𝟐 

Why This Model?
- RMSE within 0.007 of best 

performing model (negligible 
benefit for added complexity)

- Stability in coefficient values

- Only 2 Simple, Objective Input 
Variables

- Easy, Logical Interpretation

SSE (log): 311  RMSE (log):  0.663

In linear space - our model predictions are off by a median percent error of 35% while the COCOMO II model 
predictions are off by a median percent error of 53% - a considerable improvement with simpler inputs.
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Color Key:
Not Significant

Significant But Worse Than Overall Model

Significant & Better Than Overall Model

Our SER Fitted by Application Domain
Application Domain # of Data Points a b C RMSE (log)

Command & Control 145 6.822 0.451 -0.375 0.707

Custom AIS Software 21 11.643 0.304 -0.352

Communications 77 9.665 0.477 -0.492 0.434

Mission Planning 28 11.131 0.452 -0.510 0.428

Real-Time Embedded 122 11.473 0.389 -0.336 0.505

Scientific & Simulation 39 4.259 0.558 -0.321 0.539

Signal Processing 69 14.845 0.250 -0.132 0.420

System Software 55 13.391 0.309 -0.278 0.836

Test, Measurement, Diag 26 11.810 0.431 -0.399 0.587

Software Tools 10 4.665 0.314 0.199

Training 9 18.403 0.203 -0.013

Vehicle Control 62 11.227 0.176 0.004

Vehicle Payload 41 13.210 0.231 -0.077

Application Super Domain # of Data Points a b c RMSE (log)
Automated Info Sys 49 10.003 0.405 -0.419 0.561

Engineering 121 9.986 0.395 -0.317 0.716

Support 19 8.549 0.184 0.273

Real-Time 517 10.041 0.361 -0.271 0.659

Use these alternative coefficients 
for the Application Domains/Super 
Domains marked in green.
For these, our SER can be fit to the 
specific domain's data points as 
a better predictor than our overall 
model.

For domains marked in orange or 
yellow, use the overall model.
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Finding: Diminishing Schedule Returns from 
Increased Peak Staffing

 Increasing peak staff does not have a 
proportional reduction to schedule:
 As team size grows, marginal productivity of 

additional staff declines
 Onboarding and oversight can divert experienced 

staff from productive work
 Communication, coordination, and integration 

effort increase nonlinearly with team size

 Determining the peak staff input:
 If peak staff is an unknown (such as at the beginning 

of a program), historical analogs could be used
 Additionally, SER candidate #4 can be used (no peak 

staff inputs needed)
 Even early in a program, peak staff may be cited in 

staffing plans/proposals

The diminishing schedule returns from adding staff is captured in our proposed SER through a sub-linear 
exponent of -0.280 on the "Peak Staff" independent variable.

Ability of Peak Staffing to reduce Duration 
starts to diminish after ~10 FTEs, and is 
negligible after ~50 FTEs
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OBJECTIVE #2
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Deriving Schedule Compression Limits

Using the SRDR Golden Pairs (GP) Database, which pairs the Initial and Final SRDR submissions, the team 
was able to compare 65 programs' initial SW dev duration predictions to their actual SW dev duration.

Only 6.2% of programs in 
database had actual 

durations compressed to 
< 75% of their originally 

predicted durations

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷

Extreme schedule compression (< 75% of the original duration) appears rare in the SRDR data. Visualizing the observed 
distribution of schedule compression outcomes helps to define realistic lower-bound limits for SW development modeling.

0.75 1.0

Only 15% of programs in 
database achieved any

SW development 
schedule compression
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Program Schedule Expansion is the Norm

Key Question: Is achieving extreme schedule compression (< 75%) common enough to be 
expected?

 One-Sample Proportion Test (Binomial):
o Hypothesis:

 H0: p=p0

 H1: p<p0

o Inputs:
 p0= 0.10 and 0.15
 n = 65
 k = 4
 p̂ = 4/65= 0.06
 α = 0.05

o Result: Achieving extreme schedule compression is possible but only for the minority of programs – 
unlikely to exceed ~13.5% of programs at the 5% significance level (Goal Seek)

The "75% glass ceiling" for SW development is real. Decision-makers should treat extreme schedule 
compression (< 75% of the original duration) as a stretch outcome, not a planned assumption.

Test Assumptions:
1. Random Sampling
2. Independence of Observations
3. Sufficient Sample Size
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Can Other SRDR Variables Indicate Schedule 
Outcome?

Schedule expansion appears to be the norm, the team sought to examine variables that could further 
explain this result – program structure (CSCI count) and scope growth (ESLOCfinal/ESLOCinitial)

Note: Transformed variables into log-space to account for right-skew and/or multiplicative behavior

Although visual association for schedule compression/expansion is identified in some ranges of 
these variables, variability is evident, motivating further statistical tests.
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# of CSCIs Do Not Predict Program Schedule 
Outcomes Well

 Spearman Rank Correlation Coefficient: ρ = -0.06
o Takeaway: Programs with higher CSCI counts are not reliably better/worse in schedule outcome

Key Question: Do programs with different CSCI counts have systematically different 
schedule outcomes?
 Kruskal Wallis Test: 

o Hypothesis:
 H0: The distribution of schedule compression/expansion ratios is the same across all CSCI bins.
 H1: At least one CSCI bin has a different distribution of schedule compression/expansion ratios.

o Inputs: 
 CSCI Bins: 

 1-2 CSCIs
 3-4 CSCIs
 5-8 CSCIs
 9+ CSCIs

 n = 65

Test Assumptions:
1. Independence of Observations
2. Dependent Variable (DV): 

Continuous/Ordinal
3. Similar Distribution Shapes Across 

DV Groups
4. Sufficient Sample Size

Test Result: Architecture decomposition alone does not systematically differentiate schedule 
outcomes (H statistic = 0.64, p = 0.89)
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 Spearman Rank Correlation Coefficient: ρ = -0.04
 Takeaway: Programs with higher scope growth are not reliably better/worse in schedule outcome

Key Question: Do programs with higher scope growth experience systematically different 
schedule outcomes than programs with lower scope growth?
 Mann-Whitney U Test:

 Hypothesis:
 H0: Programs with low and high ESLOC growth have the same schedule compression/expansion distribution.
 H1: Programs with low and high ESLOC growth have different schedule compression/expansion distribution.

 Inputs:
 n = 65 
 ESLOC compression/expansion median = 1.44

 Low ESLOC group: 33 programs
 High ESLOC group: 32 programs

Scope Growth Does Not Predict Program 
Schedule Outcomes Well

Test Result: Scope growth alone does not systematically distinguish schedule outcomes
(U statistic = 584.5, p = 0.46)

Test Assumptions:
1. Independence of Observations
2. DV: Continuous/Ordinal (Two-

Group Comparison)
3. Similar Distribution Shapes 

Across DV Groups
4. Sufficient Sample Size
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Objective 2 Conclusions

1. Meaningful schedule compression is rare: only ~6% of programs experienced 
extreme schedule compression (< 75% of the original program duration), and 
statistical testing suggests this outcome is unlikely to exceed ~13% of programs

2. Common indicators do not explain schedule outcomes well: neither architecture 
size (CSCI count) nor scope growth (ESLOC change) showed a statistically 
significant relationship with schedule duration
o Schedule durations may depend on a combination of broader programmatic factors 

beyond those captured in the SRDR variables
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OBJECTIVE #3
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Descriptive Statistics Do Not Present Agile as a 
Schedule Differentiator

 Despite Agile's reputation for speed and adaptability... our SRDR 
dataset shows "Agile" or otherwise "Iterative" CSCI dev projects 
having overall similar, if not slightly higher Duration-to-Effort ratios
o Agile/Iterative: Avg ratio = 1.01 (all ~100 observations)
o NON-Agile/Iterative (Waterfall, etc.): Avg ratio = 0.83 (all ~600 observations)

 This total result does not appear to be affected/explained by overlap 
with other known schedule predictors: Super (Application) Domain, 
Peak Staff (FTEs), or Percent New Code

"Agile/Iterative" projects still do not have clearly distinguishable Duration-to-Effort ratios, even when dataset is...

AIS ENG MS RT (0,5] [5,10) [10,25) [25,+) [0,0.25] (0.25,0.75] (0.75,1]
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Regression Analysis Provides Further Evidence 
of Agile as a Weaker Schedule Predictor

 The "Agile/Iterative" indicator variable did not emerge as a key Effort ➝ Duration predictor during initial 
Objective 1 analysis. However, purposefully adding it to the best-performing Objective 1 SERs results in:

Original SER Equation Agile-Inclusive SER Equation Agile Coefficient
Point Estimate " 95% CI " Correlation w/ 

Other Coefficients
D = 11.83*(E^0.20) =11.90*(E^0.20)*(0.93^Agile Y/N) 0.93 [0.72, 1.14] ≤ |0.12|

=10.15*(E^0.36)*(S^-0.28) =10.20*(E^0.36)*(S^-0.28)*(0.94^Agile Y/N) 0.94 [0.74, 1.14] ≤ |0.11|

=10.40*(E^0.19)*(1+0.40*C) =10.42*(E^0.19)*(1+0.40*C)*(0.98^Agile Y/N) 0.98 [0.76, 1.20] ≤ |0.14|

 Agile coefficient estimates suggest that Agile/Iterative projects have ~2%-7% shorter durations than projects 
using Waterfall/Incremental/Spiral

 However, wide Agile coefficient errors (i.e., CI's crossing 1.0) do not provide confidence that Agile truly and 
independently impacts duration – positively, negatively, or at all

 Low coefficient correlations do not warn that weak/inconclusive Agile results are being caused by multicollinearity

(1) CO$TAT Non-Linear Regression: add Agile indicator variable

D = Duration (months); E = Effort (person-months); S = Peak Staff (FTEs); C = Percent New Code
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Further Regression Checks Confirm Agile 
as a Weaker Schedule Predictor

Agile & Super Domain-Inclusive
SER Equation

Agile 
Coeff. 

PE
" 95% CI

" Correlation 
w/ Other 

Coefficients

D=12.83*(E^0.20)*(0.95^Agile)*(0.83^AIS)*
(0.98^ENG)*(0.92^RT) 0.95 [0.73, 1.16] ≤ |0.09|

=11.39*(E^0.37)*(S^-0.28)*(0.96^Agile)*
(0.79^AIS)*(0.93^ENG)*(0.88^RT) 0.96 [0.75, 1.17] ≤ |0.09|

=11.38*(E^0.19)*(1+0.40*C)*(1.00^Agile)*
(0.83^AIS)*(0.96^ENG)*(0.90^RT) 1.00 [0.77, 1.22] ≤ |0.09|

Agile (& Super Domain)-Inclusive SER Equation
Agile 
Coeff.

PE

" Significant
at 95% CL? 
(Jacobian 
approx.)

D=11.78*(E^0.20)*(1.02^Agile) 1.02 YES

=12.67*(E^0.20)*(1.02^Agile)*(0.83^AIS)*(0.99^ENG)*
(0.92^RT) 1.02 YES

=9.28*(E^0.35)*(S^-0.26)*(1+0.30*C)*(1.00^Agile) 1.00 YES

=10.51*(E^0.35)*(S^-0.26)*(1+0.29*C)*(0.99^Agile)*
(0.79^AIS)*(0.92^ENG)*(0.87^RT) 0.99 YES

=10.12*(E^0.36)*(S^-0.28)*(1.01^Agile) 1.01 YES

=11.32*(E^0.37)*(S^-0.28)*(1.01^Agile)*(0.79^AIS)*
(0.94^ENG)*(0.89^RT) 1.01 YES

=10.39*(E^0.19)*(1+0.40*C)*(1.00^Agile) 1.00 YES

=11.39*(E^0.19)*(1+0.40*C)*(1.00^Agile)*(0.83^AIS)*
(0.96^ENG)*(0.90^RT) 1.00 YES

(2) CO$TAT Non-Linear Regression:
add Agile PLUS Super Domain dummy variables

(3) DE+LS SER Optimization Script from Objective 1:
add Agile (PLUS Super Domain) dummy variables

 (1): Holding Super Domain constant, CO$TAT results are similar – Agile impact is inconclusive; no multicollinearity warnings
 (2): Python cross-check identified statistically significant Agile impacts, but they are trivial (-1% to +2% duration)

 Final checks involved adding remaining potential 
confounding variables (Super Domains) & cross-validating 
all CO$TAT SERs using Objective 1 Python script:

D = Duration; E = Effort; S = Peak Staff; C = % New Code; AIS = "Automated Info System"; 
ENG = "Engineering"; RT = "Real-Time"; (omitted reference category: MS = "Support")
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Objective 3 Conclusions

 Potential reasons why Agile adoption does not necessarily shorten dev schedules:
 Differences in contracting structures/incentives in DoW vs. private sector:

 DoW contracts tend to follow rigid milestones and prescribed deliverables
 Private sector contracts tend to better align incentives with rapid delivery of usable capability

 Agile emphasizes delivering high-priority refinements to earlier product iterations – 
not necessarily delivering a "final" product quickly

 "Parkinson's Law": Schedule efficiencies gained through Agile may be naturally 
offset/absorbed (e.g., developers taking extra time to test or document their code)

 CSCI projects may turn to Agile when they are facing complexities/difficulties not 
evident in SRDR data (e.g., external pressures/constraints)

 CSCI projects claiming Agile adoption may do so ineffectively/incompletely

 Disparity in Agile vs. non-Agile project records in dataset (~100 vs. ~600) may be 
yielding noisy/imprecise Agile coefficients

 Dataset may be biased towards early-adoption Agile projects (records starting in 2006), 
when teams had less experience applying Agile effectively

Final regression analysis findings: Agile adoption has a negligible and indeterminate effect on 
software development duration after controlling for other major predictors
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CLOSING
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High-Level Takeaways for the Estimation Community

 The industry rule-of-thumb COCOMO II SER consistently underestimates real DoW SW development 
durations, confirming the need for updated modeling approaches grounded in SRDR data.

 Our new SW development SER significantly improves predictive accuracy over the COCOMO II SER while 
using only two objective inputs – improving defensibility, transparency, and ease-of-use for DoW estimators.
 Recommendation: Estimators should adopt our SER (whether overall or domain-specific) moving forward

 Only ~6% of programs show meaningful SW development schedule compression (<75% of predicted duration), 
indicating that the ability to shorten SW development timelines is uncommon.
 Recommendation: Estimators should treat schedule compression as an EXCEPTION, not an assumption

 Holding other factors constant, Agile projects do not result in significantly shorter development durations.
 Recommendation: Estimators should NOT assume that Agile adoption independently impacts schedules

These results provide DoW estimators with a more reliable foundation for estimating software 
development timelines to support better-informed planning decisions.
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THANK YOU
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BACKUP
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2-Pronged Nonlinear Model Optimization Approach

 Primary Approach – Develop Differential Evolution (DE) + 
Least Squares (LS) Optimization Script with K-fold Cross 
Validation

 DE explores for the global minima
 LS focuses on precise minima when the global area is found
 Significance of coefficients is estimated using Jacobian Approximation
 K-fold Cross Validation fits model on 5 different subsets of the data so 

we can understand the stability of model to out-of-sample data

This script produced well-performing models and measures of out-of-sample performance leading 
to robust conclusions that we validated with our secondary approach.

Sample Script Output from Re-fitting Boehm's 
SER Coefficients with SRDR Data

Across 5 different "folds" of 
data, model coefficients 
(a,b) remained relatively 

constant, leading to 
confidence in the final model 
based on the whole dataset
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2-Pronged Nonlinear Model Optimization Approach Contd.

 Secondary Approach - @RISK 
Genetic Algorithm Optimizer
 Set logical, unrestrictive constraints on 

coefficient values and let GA minimize 
SSE (Log Space) 

 Powerfully checks 1,000 Trials of 5,000 
Iterations each

 Potential to overfit without cross check

Fitting nonlinear models is challenging due to multiple local minima. With consistency across the two 
different fitting approaches, we ensure robust model definition and out-of-sample performance.

Example Risk Output from Re-fitting Boehm SER

Goal is to minimize 
Model SSE in Log 
Space by adjusting 

coefficients

Original SSE with 
guess coefficients 

was 718.9
The Optimizer found 

coefficients that 
produce SSE of 345

Original a: 11.36
Best a: 12.54

Original b: 0.352
Best b: 0.187

𝑺𝑺𝑺𝑺 𝑫𝑫𝑫𝑫𝑫𝑫 𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫𝑫 = 𝒂𝒂 ∗ 𝑫𝑫𝑫𝑫𝑫𝑫 𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬𝑬 𝒃𝒃 
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