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A Novel Approach to Early Phase Agile
Software Estimating and Sizing

Wilson Rosa and Sara Jardine

Abstract—Since the Agile Manifesto, analysts have struggled to find the appropriate software size measures for cost estimates
at the earliest stages of an agile software acquisition and at the time when popular sizing measures are not available. Early
program documentation such as the Mission Needs Statement, Concept of Operations, and the Release Roadmap provide three
software size measures to predict total software development effort and schedule: Capability Gap, Capability, and Epic. With the
cost and schedule models provided in this study, analysts can develop agile software development estimates to inform early
program decisions, support Analysis of Alternatives (AoAs), and Rough Order Magnitude (ROM) estimates. The analysis
presented in this study is based on data from twenty (20) agile projects implemented between 2014 to 2022 in the Department of
Homeland Security and Department of Defense. Analysts can use these estimation models for agile programs following the DHS’
Streamlined Software Acquisition Process or DoD’s Software Acquisition Pathway.

Index Terms— Agile software process, Cost estimation, Requirements/Specification, Software acquisition, Software process,

Time estimation

1 INTRODUCTION

ISTORICALLY, the United States (U.S.) Department

of Homeland Security (DHS) has struggled with in-
corporating software development requirements into their
program’s cost estimate and planned schedule [8].

In 2017, the DHS Under Secretary for Management (USM)
tasked the DHS Cost Analysis Division to find ways to im-
prove cost estimates for Agile software development pro-
grams. There were two primary objectives [8]:

1. Enhance the credibility and accuracy of a software
development estimate, and
2. Decrease the time required to develop the estimate.

Despite these efforts, the lack of agile software develop-
ment data continues to hinder DHS' ability to implement
new methods for developing credible estimates at early
phase. Likewise, the Department of Defense (DoD) strug-
gle with similar issues as it pertains to agile software de-
velopment cost estimating. The problem is compounded as
the government cost community continues to struggle
with identifying the most appropriate software sizing
measures for cost estimation that can be used throughout
the acquisition cycle.

1.1 Significance of Proposed Study

This study improves the software cost estimating practice

in four ways:

e Breaks new ground by incorporating three new and
potential software size measures -- Capability Gap,
Capability, and Epic. These sizing measures were
chosen since they are the only artifacts that could be
collected or counted at the earliest phase of an agile
software acquisition lifecycle.

e Provides practical estimation models based on sizing
measures available at an earlier phase and has the

flexibility to be used for developing cost estimates be-
fore or after award.

e Provides a ranking of the accuracy and fit of effort and
schedule estimation models using the three early
phase sizing measures.

e This study uses a cross-company dataset and captures
total contract effort at the release level. The choice for
using total effort is driven by the fact that most agile
development contracts in DHS are Firm Fixed Price
(FFP) or Time & Materials (T&M), and these contracts
typically report effort at the total level instead of
lower-level elements (software development, systems
engineering, training, etc.).

1.2 Research Questions

The following four research questions (RQ) are addressed
in this study :

RQ 1: How do each of the three high-level size measures
accurately predict to total development contract effort?

RQ 2: How do the three high-level size measures compare
and rank as accurate predictors of total development con-
tract effort?

RQ 3: How do each of the three high-level size measures
accurately predict total software development schedule?

RQ 4: How do the three high-level size measures compare
and rank as accurate predictors of total software develop-
ment schedule?

2 BACKGROUND

2.1 Agile in the DHS Context
In the DHS, Agile ([1], [3]) is the required development



2

approach for information technology (IT) acquisition pro-
grams and projects in accordance [7] with the Federal In-
formation Technology Acquisition Reform Act. Although
there is not a specific set of DHS-approved Agile method-
ologies, program managers are encouraged to determine
the most appropriate Agile approaches for their program
([11, [3]). Finally, DHS programs implementing Agile de-
velopment are subject to the requirements of the DHS Ac-
quisition Lifecycle Framework (ALF) and the Systems En-
gineering Life Cycle (SELC) [5].

2.2 Agile Software Acquisition Phases in the DHS

In December 2021, the DHS Office of the Undersecretary
for Management established [5] the Streamlined Software
Acquisition Process (SSAP) for use by software develop-
ment programs. The SSAP is an Agile approach to the
SELC that enables consistent engineering management
and supports the effective delivery of capabilities to end
users. Figure 1 shows the phases, acquisition decision
events (0, 1, 2A, 2B, 2C, and 3), acquisition documenta-
tion, and available software sizing measures of the DHS

SSAP.
{ Need Phase : i AnalyzelSelect i Obtain Phase

17 e R e TSe
Design| Develop | 14T | Implement

Planning
Solution Architecture

Solution {

Needs Analysis Analysis

]
Technology Development

CONOPS Release RTM
Roadmap

Product
Backlog

@« b 4 b -

CAR MNS

Figure 1 Streamlined Software Acquisition Process (SSAP)
A description of each acquisition phase is provided below:

A. Needs Phase: During this phase, a capability analysis
is conducted and documented in the Capabilities
Analysis Report (CAR). The CAR [4] identifies capa-
bility gaps, duplications, and potential high-level ma-
teriel or non-materiel solution approaches to mitigate
identified capability gaps. When a materiel solution is
identified, the Mission Needs Statement (MNS) is de-
veloped to define the specific Capability Gaps [4]
from the CAR that will be improved by the proposed
materiel solution.

B. Analyze/Select Phase: During this phase, Solution
Analysis, Planning, and Solution Architecture tasks
are conducted. During Solution Analysis, the materiel
solution's Capabilities [4] are documented in the Con-
cept of Operations (CONOPS). These Capabilities are
in response to the Capability Gaps identified in the
MNS. During the Planning and Solution Architecture,
Epics [1] are identified in the Release Roadmap for de-
velopers to deliver functionality.

C. Obtain Phase: During this phase, Design, Develop,
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Integrate and Test (1&T), and Implementation are con-
ducted for the materiel solution. Before the Design
stage (ADE-2B), Simple Function Point [8] is meas-
ured from the Requirements Traceability Matrix
(RTM). SiFP is the primary input for independent cost
assessments in the DHS. After Design, Story and Story
Points are quantified and continuously updated in the
Product Backlog. During this time, the criteria to
achieve Initial Operational Capability (ADE-2C) and
Full Operational Capability (ADE-3) are generally de-
fined.

This study focuses on high-level software sizing measures
(Capability Gap, Capability, Epic) available to measure be-
fore ADE -2A that can be used to estimate effort and sched-
ule at the early stages of an agile program. To understand
the applicablity of these size measures across the software
community, the next section will map these measures to
mainstream agile sizing measures.

2.3 High-level Requirements Hierarchy in the DHS
Figure 2 maps the high-level size measures from main-
stream agile ([13],[15],[16]) to those used in the DHS. In
the context of mainstream agile, a Theme is an organiza-
tion goal that drives the creation of Initiatives and is
mapped to a Capability Gap in DHS. A Theme is the high-
est level in the agile software requirements hierarchy. An
Initiative in mainstream agile is a collection of Epics that
drive toward a common goal and is mapped to a Capabil-
ity in DHS [13]. Epics [13] are large bodies of work that can
be broken down into smaller tasks (Stories) and mean the
same in mainstream agile and DHS. In summary, in the
DHS context, a Theme is referred to as Capability Gap [4]
and Initiative is referred to as Capability [4].

DHS Mainstream Agile

Theme X

L .

Capability Gap X

Figure 2 High-Level Requirements Hierarchy

3 RESEARCH METHOD

3.1 Population and Sample

This study captured agile projects categorized as automated
information systems. The sample dataset includes twenty
(20) agile projects across 14 different companies, delivered
for the DHS (17) and DoD (3) from years 2014 to 2022.

3.2 Data Collection
The data collected for each agile project included actual
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effort, schedule, final size, and project characteristics.
The data in this study (Figure 3) were extracted from offi-
cial documents such as monthly contractor invoices, Mis-
sion Needs Statement (MNS), Concept of Operatoins (CO-
NOPS), Operational Requirements Document (ORD), Re-
lease Roadmap, acquisition documents, and agile core
metrics.

=Acquisition
Documents

=Agile Core
Metrics

Effort

Figure 3 Data Sources

The effort data in this study captures eleven major cost el-
ements incurred by the contractor’s agile development
teams in accordance with the DHS IT Work Breakdown
structure (WBS). Those major WBS cost elements are also
applicable to the DoD programs captured in this study and
are identified in Table 1. The choice for reporting total ef-
fort (as opposed to software development alone), is driven
by the fact that most agile project contracts in DHS are FFP
or T&M, and therefore, generally do not break out effort by
major elements as would traditional cost-plus contracts.

Table 1 Agile Project Labor Activities

ID DHS IT WBS Element

1.i1 Program Management

1.i.2 Systems Engineering

1.i4.2 Software Development

1.i4.3 Data Development & Transition
1.i4.5 Training Development

1.i4.6.1 Development Test & Evaluation
1.i4.6.1 Cybersecurity Test & Evaluation
1.i4.7 Logistics Support Development

1i7 System Level Integration & Test
1.i.8.6.1 Help Desk/Service Desk (Tier 3)
1.i.8.64 Software Maintenance

3.3 Variables in the Study

The variables chosen in this study (Table 2) represented ag-
ile measures that could be collected from available early
phase documentation sources in DHS. Of note, a categori-
cal variable, characterizing whether a project scope was an
enhancement or full development, was also evaluated in
the regression analysis. A full development versus en-
hancement scope is important in estimating schedule since
the scope of an enhancement is typically less than a one-
year effort while a full development effort is typically more
than a one-year. The description of each variable evaluated
in the effort and schedule models are defined in Table 2
below.

Table 2 DHS Agile Project Work Breakdown Structure

Variable Type Definition

Effort Dependent Actual hours associated to the

(E) labor activities listed in Table 2

Schedule Dependent Actual development time (in

S) months) associated to all activi-
ties listed In Table 2. Reported
at the release level.

Capability Independent = The difference between the nec-

Gap essary capabilities and the capa-

(CAP_GAP) bilities which are currently pos-
sessed/planned. [4]

Capability Independent = The means to accomplish a mis-

(CAP) sion, function, or objective. A
specified course of action sup-
porting users and departmental
goals/missions. [4]

EPIC Independent = Body of work that can be bro-

(EPIC) ken down into specific tasks
based on the needs of end-users.

Scope Categorical Indicate whether the scope of

(D1) the project is an enhancement or
full development effort.

3.4 Data Normalization

The data normalization process included counting Capa-
bility Gaps, Capabilities, and Epics from early require-
ments documents. The details of the normalization process
for each of these measures will be discussed in this section.

3.41 Counting Capability Gaps

The team used a repeatable method to count the Capability
Gaps for each project in the dataset. Below is an outline of
the steps employed to determine the total number of Ca-
pability Gaps from an agile project's MNS. Table 3 pro-
vides an example of the Capability Gaps output from the
MNS that the team used during the counting process.

Step 1: In the MNS, find table titled "Capability Needs and
Gaps" under section titled "Mission(s) and Capabilities."

Step 2: In the column titled, Capability Gap, count the rows

containing a narrative statement. The example in Table 3
below results in a total count of 3 Capability Gaps.

Table 3 Examples of Capability Gap in the MNS

ID Capability Gap

1 Unable to provide notifications that are automated, user-rel-
evant, and on-going regarding data changes and events, re-
sulting in a failure to provide timely, accurate, and actiona-
ble information.

2 No ability to attach Documents to Policies or Claims

3 Very limited reporting capabilities and no data modeling ca-

pabilities.
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3.4.2 Counting Capabilities

The team used a repeatable method to count the Capabili-
ties for each project in the dataset. Below is an outline of
the steps to determine the total number of Capabilities
from an agile project's CONOPS. Table 4 provides an ex-
ample of the Capabilities output from the CONOPS that
the team used during the counting process.

Step 1: In the CONOPS, find table "Capability Require-
ments" in the section titled "Required Mission(s) and
Needs."

Step 2: In the column titled, Capability, count the rows con-
taining a narrative statement. The example in Table 4 re-
sults in a total count of 3 Capabilities.

Table 4 Examples of Capability in the CONOPS

ID Capability
1 [System X] Near
Real-Time Fi-
nancial Data

Description

Validation of financial data being
sent from numerous sources.

Processing

2 [System X] Re-
porting Func-
tionality

Extensive reporting features includ-
ing standard predefined reports,
ad-hoc reporting, and export of data
into multiple file formats

3  Financial State-  Capability to generate monthly fi-

ment and Re- nancial statements and other finan-

port Generation  cial reports

3.4.3 Counting Epics

The team used a repeatable method to count epics for each
project in the dataset. The Epics of each project are docu-
mented in the Release Roadmap as well as in the Product
Backlog. Since the Epics in the Backlog are traceable to the
Release Roadmap, the team counted the epics directly from
the Product Backlog. Table 5 below provides an example
of the backlog the team used during the counting process.

Step 1: Determine 100% Complete Issues. Find the col-
umn titled, Issue Status, and filter by rows marked as Done.
By filtering by the issues that were 100% compete, issues
that had status of being in progress or deferred, were omit-
ted.

Step 2: Calculate total unique epics. In the column titled,
Epic Link, count the total unique Epics. The example in Ta-

ble 5 results in a total count of 3 Epics.

Table 5 Examples of Epic in Product Backlog
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L. Issue L.
Issue  Status Description Epic Link
Type
view the <outcome> Subapplica-
tion

0003  Done As a <system admin-  Story = Plan Subap-
istrator> I need to plication
manage certificates so
I can <outcome>

0004  Done As a <SCRUM Mas- Task  Configurable
ter> I want to review Permissions
list of Epic(s) so I can
<outcome>

0005  Done The following field Bug Address Ver-
name is spelled incor- ification
rectly: <Name>

0006  Done Asa<systemuser>]  Other Address Ver-
need to have the se- ification

lected tools in-

L. Issue L.
Issue  Status Description Epic Link
Type
0001  Done Asa<user>Ineedto  Story Plan Subap-
manually initiate plication
the<outcome>
0002 = Done Asa<user>Ineedto  Story Plan

stalled...

3.4.4 Model Selection and Validation

Regression analysis was performed on the full dataset (20)
using the Automated Cost Estimating Integrated Tools
(ACEIT) Cost Analysis Statistical Package (CO$TAT) [11].
Each regression model was selected based on evaluating
the following goodness-of-fit measures (Table 6). These
statistics were examined to determine the reliability, accu-
racy, and fit of each model.

Table 6 Goodness-of-Fit Measures

Metric

R? Coefficient of determination is the percentage of total

Description

variation in the response variable explained by the
model. The higher the R?, the more variability is ex-
plained by the model.
R? (adj) Adjusted R?is the percentage of the variation in the re-
sponse explained by the model, adjusted for the num-
ber of predictors in the model relative to the number of
observations. The higher the R? (adj), the more varia-
bility is explained by the model.
R? (pred) Predicted R2is a cross validation method that involves
removing each observation from the dataset, estimat-
ing the regression equation, determining how well the
model predicts the removed observation, and repeats
this for all data points. The higher the R? (pred), the
more variability is explained by the model.
P-value The probability value of obtaining results at least as ex-
treme as the observed results of a statistical hypothesis
test, assuming the null hypothesis is correct. The lower
the p-value for each independent variable, the more
statistically significant those variables are in predicting
the dependent variable.
Standard Error of the Estimate (SEE) is the difference
between observed and estimated effort. SEE is to linear

SEE

models as standard deviation is to sample means. The
lower the SEE, the better the regression model fits to
the dataset.

F-test F-test is the square of the equivalent t-test; the larger
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the value, the smaller the probability that difference
could occur by chance.

Mean Magnitude of Relative Error (MMRE) is an indi-
cator of a model’s accuracy. The lower the MMRE, the

MMRE

higher the accuracy of the model.

4 DATA ANALYSIS

The entire dataset in this study represents projects catego-
rized as Automated Information Systems (AIS) delivered
from 2014 to 2022. Sixteen (16) of the twenty (20) projects
are hosted on the cloud, while the remaining four are
hosted on-premises. Of the 16 cloud-hosted, 15 used Ama-
zon Web Services (AWS). All DHS projects were from Sur-
face Fixed operating environments, while the DoD projects
were from Sea System environments. Figure 4 shows pro-
ject counts by agency and operating environment.

DHS
Surface Fixed
17

DoD

Sea System
3

Figure 4 Operating Environment

The project counts by contract type is shown in Figure 5.
Majority of the agile development projects utilized Firm-
Fixed Price (FFP) and Time and Materials (T&M) contract

types.

Time and Materials

Cost-Plus-Fixed-Fee
Hybrid - FFP and T&M

Labor Hours

Figure 5 Contract Strategy

The team approach of each agile project was documented
to better understand the development practices of the agile
teams. Of the twenty (20) agile projects, half (10) followed
SecDevOps practices while the other half (10) used the
DevOnly or DevOps team approach. Figure 6 presents the
agile process and team approach for the dataset.

M DevOnly
M DevOps
SecDevOps

Agile

Hybrid
Figure 6 Agile Team Approach

The distribution of the Agile framework is presented in
Figure 7. The Hybrid Agile projects all used the Scaled Ag-
ile Framework. The majority (14) used Scrum framework.

B Kanban
M Scaled Agile Framework

Scrum

Agile Hybrid

Figure 7 Agile Framework

The two dependent variables used in this study are Effort
and Schedule. Effort is measured in terms of total contract
hours whereas schedule is measured in terms of total
months. Figure 8 displays a histogram of the descriptive
statistics for effort hours. The average total effort hours for
the dataset were 122,889 hours.
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Figure 9 displays a histogram of the descriptive statistics
for schedule months. The average total months for the da-
taset was 19 months.
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Figure 9 Schedule Distribution (Months)

The descriptive statistics for the independent variables in the
agile dataset are shown in Table 7. For each variable, the
minimum, median, maximum, and standard deviation
(StdDev) values are shown.

Table 7 Independent Variable Descriptive Statistics

Size Measure Min Median Max StdDev
Capability Gap 1 5 26 6
Capability 4 10 50 11
Epic 13 35 406 89

The effort and schedule benchmarks are shown in Table 8
and Table 9 respectively and can be used to develop quick
turnaround estimates. The effort benchmarks include (1)
Hours per Capability Gap, (2) Hours per Capability, and
(3) Hours per Epic. The schedule benchmarks include (1)
Months per Capability Gap; (2) Months per Capability,
and (3) Months per Epic. For each benchmark, the first
quartile (Q1), median (Q2), third quartile (Q3), and stand-
ard deviation (StdDev) values are shown.
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Table 8 Effort Productivity Benchmark

Productivity Measure Q1 Q2 Q3 StdDev
Hours/CAP_GAP 22,210 26,310 30,443 14,890
Hours/CAP 4,490 5,696 9,112 3,925
Hours/Epic 1,180 1,789 2,048 792

CAP_GAP = Capability Gap; CAP = Capability

Table 9 Schedule Productivity Benchmark

Productivity Measure Q1 Q2 Q3 StdDev
Months/CAP_GAP 4.7 49 97 3.6
Months/CAP 1.0 1.6 20 0.8
Months / Epic 0.3 04 05 0.2

CAP_GAP = Capability Gap; CAP = Capability

5 RESULTS

This section provides the results organized by research
question. For each research question, the key findings are
also discussed. The resulting effort and schedule models
are applicable to DHS and DoD agile software project
ranging approximately 1 to 26 Capability Gaps, 4 to 40 Ca-
pabilities, 13 to 406 Epics, and a peak staff between 9 to 200
Full-Time Employee (FTE).

5.1 Results for Research Question 1

RQ 1: How do each of the three high-level size
measures accurately predict to total development con-
tract effort?

5.1.1 Effort Model 1
Equation (1) predicts software development effort as a
function of Capability Gap.

Effort = 26368 x CAP_GAP"°*'® (1)
Where,
Effort = total final development hours
CAP_GAP = Capability Gaps obtained from MNS

Table 10 provides the regression analysis report of the co-
efficient statistics, goodness-of-fit statistics, and analysis of
variance for equation (1). The resulting equation is statisti-
cally significant and reveals that Capability Gaps is a good
predictor of effort of agile software projects at early stage.

Table 10 Regression Analysis Results for Equation (1)

Coefficient Statistics Summary

Term Coef T-Statistic P-value
Intercept 10.18 41.81 0.00
Cap_Gap 0.95 6.24 0.00
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Goodness-of-Fit Statistics

SE R2 R?@qj) R2(preq) MMRE
0.57 74.98% 73.05% 66.09% 46.28%
Analysis of Variance
Source DF Sum of Sq. Mean Sq.  F-stat
Regression 1 12.44 12.44 38.95

Residual 13 415 0.32
Total 14 16.59

Figure 10 shows the normal probability plot for Equation
(1). The residuals are close to the straight line. This sug-
gests that loglinear regression is valid for modeling effort
vs Capability Gaps.
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-0.50
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-1.50
-2.00

-2.50
-2.00

-1.00 1.00 2.00

0.00
Effort (Hours) Residual in Log Space

Figure 10 Normal Probability Plot for Equation (1)

5.1.2 Effort Model 2

Equation (2) predicts software development effort as a
function of Capability.

Effort = 1170 x CAP'7'2  (2)
Where,
Effort total final development hours
CAP = Total number of Capabilities obtained

from CONOPS or ORD

Table 11 provides the regression analysis report for equa-
tion (2). The high t-statistic and low p-value suggest that
Capability is strongly correlated to total effort. The small
difference (1%) between adjusted and predicted R? suggest
the model predicts new observations as well as it fits the
existing data. An adjusted R? greater than 92% and MMRE
lower than 25% signify that Capabilities accurately pre-
dicts the total effort.

Table 11 Regression Analysis Results for Equation (2)

Coefficient Statistics Summary

Term Coef T-Statistic P-value

Intercept 7.06 25.47 0.00

CAP 1.71 14.90 0.00
Goodness-of-Fit Statistics

SE R? R?adj) R2(pred) MMRE

0.33 92.50% 92.08 % 91.16% 23.46%

Analysis of Variance

Source DF Sum of Sq. Mean Sq.  F-stat
Regression 1 23.49 23.49 221.92
Residual 18 1.91 0.22

Total 19 25.40

Figure 11 shows normal probability plot for Equation (2).
The residuals approximate a straight line, suggesting that
loglinear regression is valid for modeling effort vs Capa-
bilities.
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Figure 11 Normal Probability Plot for Equation (2)

5.1.3 Effort Model 3

Equation (3) predicts software development effort as a
function of Epics.

Effort = 710.6 x EPIC'?'>  (3)
Where,
Effort = total final development hours
EPIC = Epics obtained from Release Roadmap

Table 12 provides the regression analysis report of the co-
efficient statistics, goodness-of-fit statistics, and analysis of
variance for equation (3). The high t-statistic and low p-
value suggest that Epics is strongly correlated to total ef-
fort. The slight difference (2%) between adjusted and pre-
dicted R? suggest the model predicts new observations as
well as it fits the existing data. An adjusted R? greater than
80% and an MMRE of 44% indicates that Epics is a good
predictor of the total effort.

Table 12 Regression Analysis Results for Equation (3)

Coefficient Statistics Summary

Term Coef T-Statistic P-value

Intercept 6.57 12.83 0.00

EPIC 1.22 8.99 0.00
Goodness-of-Fit Statistics

SE R? R2(agj) R2(pred) MMRE

0.51 81.77% 80.76% 78.23% 43.76%

Analysis of Variance
Source DF Sum of Sq. Mean Sq.  F-stat
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Regression 1 20.77 20.77 80.74
Residual 18 4.63 0.26
Total 19 25.40

Figure 12 shows the normal probability plot for Equation
(3). The residuals approximate a straight line. This sug-
gests that loglinear regression is valid for modeling effort
vs Epics.
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Figure 12 Normal Probability Plot for Equation (3)

5.2 Results for Research Question 2

RQ 2: How do the three high-level size measures com-
pare and rank as accurate predictors of total contract
software development effort?

Table 13 compares the statistical significance of the result-
ing effort equations using the three different software size
predictors. The comparative results with a synopsis of the
suggested ranking order of the models is summarized be-
low. The models were compared and ranked according to
the resulting MMRE, from lowest to highest. The decision
to use the MMRE is substantiated by literature ([14], [6],
[9]). A low MMRE is indicative of high model predictive
power whereas a high MMRE indicates low predictive

power.
Table 13 Effort Model Comparison

Equation Indep,e ndent RZ%@dj) R2pred MMRE Rank
Variable

1 Capability Gap  73.1% 66.1%  43.8% 3

2 Capability 921%  91.2%  23.5% 1

3 Epic 80.8% 782%  425% 2

All three effort models were determined to be statistically
significant in accordance with regression goodness-of-fit
statistics (Table 6). The most accurate sizing measure pre-
dicters to schedule development effort in ranking order
from highest to lowest are Capability, Epic, and Capability
Gap. Next, we will evaluate the resulting schedule models.
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5.3 Results for Research Question 3

RQ 3: How do each of the three high-level size measures
accurately predict total software development sched-
ule?

5.3.1 Schedule Model 1

Equation (4) predicts schedule for agile software develop-
ment projects as a function of Capability Gaps.

Schedule = 12.13 x CAP_GAP°*?72

Where,
Schedule = total final development months
CAP_GAP = Capability Gaps obtained from MNS

4)

Table 14 provides the regression analysis report for equa-
tion (4). The resulting equation is statistically significant
and demonstrates that Capability Gap is a good predicter
of schedule for agile software projects.

Table 14 Regression Analysis Results for Equation (4)

Coefficient Statistics Summary

Term Coef T-Statistic P-value

Intercept 2.50 26.42 0.00

CAP_GAP 043 7.22 0.00
Goodness-of-Fit Statistics

SE R2 R?@qj) R?preq) MMRE

0.22 80.03% 78.49% 68.80% 16.35%

Analysis of Variance

Source DF Sum of Sq. MeanSq. F-stat

Regression 1 2.51 2,51 52.10

Residual 13 0.63 0.05

Total 14 3.13

Figure 13 shows the normal probability plot for Equation
(4). The residuals approximate a straight line, suggesting
that loglinear regression is valid for modeling schedule vs
Capability Gaps.
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Figure 13 Normal Probability Plot for Equation (4)
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5.3.2 Schedule Model 2

Equation (5) predicts schedule for agile software develop-
ment projects as a function of number of Capabilities and
a dummy variable associated with scope type.

5.3.3 Schedule Model 3
Equation (6) predicts schedule for agile software develop-

ment projects as a function of Epics and a dummy variable
associated with scope type.

Schedule = 2.45 x CAP*5"7x 2.4%1  (5) Schedule = 2.069 x EPIC?3%3%x2.43P1  (6)

Where, Where,
Schedule = total final development month Schedule total final development months
pme onths ; )
CAP = Capabilities from CONOPS or ORD EPIC = Epics obtam.ed from Rglease RF)admap
D1 = where full development was assigned a D1 = dummy variable associated with scope

where full development was assigned a
value of 1 and enhancement a value of 0

value of 1 and enhancement a value of 0

Table 15 provides the regression analysis report for equa-
tion (5). The resulting equation is statistically significant
and demonstrates that Capabilities when treated along
with Scope are good at predicting schedule.

Table 16 provides the regression analysis report for equa-
tion (6). The resulting equation is statistically significant
and demonstrates that Epics when treated along with
scope, as categorical variable, are effective in estimating
Table 15 Regression Analysis Results for Equation (5) the schedule of agile software projects.

Coefficient Statistics Summary Table 16 Regression Analysis Results for Equation (6)

Term Coef T-Statistic P-value . L.
Intercept 0.90 343 0.00 Coefficient Statistics Summary
Term Coef T-Statistic P-value
CAP 051 416 0.00 Intercept 0.73 225 0.04
b1 088 491 0.00 EPIC 0.36 3.72 0.00
D1 0.89 4.69 0.00
Goodness-of-Fit Statistics
SE R® R R prea) MMRE Goodness-of-Fit Statistics
0.30 82.43% 80.37% 75.95% 24.45% SE R2 R R2prea) MMRE
0.32 80.47% 78.18% 72.84% 24.29%
Analysis of Variance
Source DF Sum of Sq. Mean Sq.  F-stat Analysis of Variance
Regression 2 6.27 313 44.60 Source DF Sum of Sq. Mean Sq.  F-stat
Residual 12 0.84 0.07 Regression 2 7.11 3.56 35.03
Total 14 71 Residual 17 173 0.10
Total 19 8.84

Figure 14 shows the normal probability plot for Equation
(5). The residuals approximate a straight line. This sug-
gests that loglinear regression is valid for modeling sched-
ule vs Capabilities.

Figure 15 shows the normal probability plot for Equation
(6). The residuals approximate a straight line suggesting
that loglinear regression is valid for schedule vs Epics.
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Figure 14 Normal Probability Plot for Equation (5) Figure 15 Normal Probability Plot for Equation (6)
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5.4 Results for Research Question 4

RQ 4: How do the three high-level size measures com-
pare and rank as accurate predictors of total software
development schedule?

Table 17 compares the statistical significance of the sched-
ule model equations using three different size predictors.
The comparative results with a synopsis of the suggested
ranking order of the models is summarized below.

Table 17 Schedule Model Comparison

Equation Indep.endent R%@d) RZprey MMRE Rank
Variable
4 Capability 785%  68.8% 16.4% 2
Gap
5 Capability 80.4%  80.0% 24.5% 1
6 Epic 782%  72.8% 24.3% 8

All three schedule models were determined to be statisti-
cally significant in accordance with regression goodness-
of-fit statistics (Table 6). Capabilities is the strongest pre-
dictor to development schedule followed by Capability
Gap and Epic.

5.5 Discussion of Results

The results of our study suggest that Capability Gap is a
good predicter of total software development effort, as in-
dicated by the adjusted R? (73%) and statistical signifi-
cance. However, the resulting MMRE (44%) is an indica-
tion of a moderate predictive power. This could be at-
tributed to the fact that the "Capability Gaps” are not writ-
ten in a standard form, may contain duplicates, or include
gaps already captured in other projects. Despite showing
a moderate predictive power, practitioners should use Ca-
pability Gap (or "Theme") as an effort predicter, especially
since it is typically the only software sizing measure avail-
able at the inception phase and at the time when other
high-level requirements (Initiatives, Epics, Stories) have
not been defined yet.

Our results reveal that Capability is an effective predicter
of total software development effort at the Analyze/Select
Phase, as evidenced by the high accuracy and high model
fit. This finding is a breakthrough since past research has
not examined Capability (or Initiative) as a predicter to
software development at an early program phase. In fact,
Capability is just as good as a predictor to software devel-
opment as the more popular Function Point and Story
Point sizing measures, which are known later in the lifecy-
cle. The higher predictive power of Capability could have
been attributed to the fact that our dataset contained pro-
jects of the same application domain, same scope, and nor-
malized by the same team. One subject that remains to be
explored is how to adjust the Capability counts based on
the relative T-Shirt Size, Complexity, and Volatility.

Our findings suggest that Epic is a good predicter of total
software development effort, as indicated by the adjusted
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R?(81%) and strong goodness-of-fit statistics. This finding
is also breakthrough since past research has not examined
Epic as a predicter to software development at an early
program phase. Like Capabilities, Epic is just as good as a
predictor to software development as the more popular
Function Point and Story Point sizing measures, which are
known later in the lifecycle. Practitioners can use Epics to
predict total effort during proposal evaluation or imple-
mentation phase, as it can be measured from the Release
Roadmap or from a Product Backlog after contract award.

When considering the following constraints, this study re-
vealed that effective effort estimation models can be built
for early phase decision-making. These constraints in-
clude:

Effort data reported at the total contract level
Projects are of the same application domain

Effort and size collected at the release level

Projects collected from cross-companies

Effort and size data analyzed at the release level
Size measures counted and validated by same team

ARSI

5.6 Threats to Validity

Possible threats to the validity of the resulting effort and
schedule models include internal, external, and constructive.
A discussion of each threat is summarized below.

Threats to internal validity include the dataset timeframe
from 2014 to 2022, which raises potential issues where ear-
lier projects (2014-2018) were developed using agile pro-
cesses tailored to fit the developer’s need. It is likely that
agile processes have evolved during the 8-year timeframe.
The scope of this study covers programs that were classi-
fied as Agile, perhaps loosely, and a focus on only a single
development process. This poses a limitation to programs
using a different software development process such as
waterfall and may produce different results.

Threats to external validity include the availability and
quality of early program acquisition documentation such
as the MNS, ORD, and CONOPS. To produce a quality
count of Capability Gaps from a MNS or Capabilities from
an ORD or CONOPS, it is important that the program doc-
umentation be in a mature or final state with clearly writ-
ten gaps and capabilities. If the documentation is provided
in a draft, interim state, or if written unclearly then an in-
accurate count of Capability Gaps or Capabilities may re-
sult. The counting process would ultimately result in a
gross estimate of software development effort and sched-
ule when using the model equations.

The models presented in this paper revealed to be effective
in estimating total development effort and duration for ag-
ile projects reported at the release level for DHS and DoD.
However, we cannot generalize beyond this group for sev-
eral reasons. First, majority of the projects were developed
using Scrum and SAFe. Second, the total effort includes
other activities above and beyond those captured in main-
stream software cost estimating models. Examples of
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elements captured in the total effort for our agile dataset
included program management, systems engineering,
training, security, testing, and operations.

Threats to constructive validity include the limited number
of datapoints in the sample size of 20 agile projects. With
a sample size this small, there is a threat to the statistical
conclusions as they may be subject to overfitting and does
not allow for detecting effects with greater power. To ad-
dress this threat, a larger sample size is needed for defini-
tive hypothesis testing and statistical conclusions of the re-
gression models.

6 CONCLUSION

Capability Gap (aka Theme), Capability (aka Initiative),
and Epic are high-level software size measures that can be
found in early agile program phase documentation. These
measures may be used to estimate total software develop-
ment effort and schedule of an agile project during early
program phases of DHS’ Streamlined Software Acquisi-
tion Process or DoD’s Software Acquisition Pathway. The
results of our study support the concept that these three
measures known to us before the agile project started, are
just as good of predicters to software development as the
measures (i.e., Story Point, Story) known to us after con-
tract award.

Capability Gap, Capability, and Epic have low volatility
throughout the agile lifecycle. As a result, these size
measures could prove to be more useful to Practitioners
when predicting agile program software development ef-
fort or schedule at an early phase and throughout the
lifecycle. On the other hand, Functional Requirements and
Stories are continuously changing and likley underesti-
mated at the early lifecycle phases, which may prove to be
less useful to analysts when estimating agile program soft-
ware development at an early phase.
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