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Setting the Stage – Why EAC Deserves Better

EVM turns execution data 
into program insight

• Government’s core discipline 
for measuring program 
execution performance 

• Connects cost, schedule, and 
technical progress in a 
common structure 

• Helps leaders distinguish 
normal execution variance from 
emerging problems 

• Provides the basis for 
oversight, accountability, and 
action 

EAC is where EVM 
becomes forward-looking

• Converts current performance 
into a forecast of where the 
program is headed 

• Informs funding decisions, 
management attention, and risk 
conversations 

• Most useful when it explains 
why the forecast is changing 

• Weakest when treated as a 
formula instead of a judgment 
about remaining work 

IPMDAR changes what 
EAC can be

• Provides relational EVM data 
that can be tailored below 
traditional report views

• Makes it possible to trace 
forecast drivers back to 
specific work areas 

• Supports deeper analysis of 
performance patterns, outliers, 
and remaining work 

• Enables EAC to move from 
mechanical extrapolation 
toward defensible, 
explainable inference
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DIRECTIONLESS

A number, not a narrative. Most 
EACs produce a figure but no 
story about why that figure is 

plausible, what must change to 
meet it, or which drivers move 

it. Decision-makers can't 
interrogate what they can't see.

DILUTED

Aggregates hide local risk. 
Cumulative, CLIN-level indices 
smooth over concentrated risk 

inside specific control 
accounts. 

OPAQUE

Judgment buried in formulas. 
Every EAC method silently 
answers two questions — is 

this signal representative, and 
how strongly should past 

constrain future? Most hide 
those answers inside the math. 
The disagreement in the room 
is never about arithmetic. It's 
about those two questions.

The Challenge – EAC Disconnect

Most EACs produce an answer, but not enough explanation: what is driving the forecast, where risk 

is concentrated, and what judgment is embedded in the method.
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EVM Origins

1960s

Growing defense 
complexity overwhelmed 
traditional oversight

Formalized during the 
Cold War with integrated 
cost-schedule control

Process-first 
orientation with 
compliance focus

1995

CPR

CPR standardized EVM 
data reporting

Used simple human-
readable formats with 
summarized data

Designed as an oversight 
report, not for deep 
systematic analysis

2012

IPMR

IPMR replaced CPR, 
adding schedule data, 
time-phased cost, and 
machine-readable XML 
format

First step from human-
readability, XML 
improved data access 
and tool integration 
through standardized 
schemas 

Still limited analysis with 
report-based data 
structure

2020

IPMDAR

IPMDAR shifts from pre-
built reports to a data-
centric model

Uses time-phased, query-
able datasets (JSON) that 
can support control-
account, and when 
tailored, work-package-
level analysis

Transforms EVM into a 
longitudinal, scalable 
data asset

Future

Analytics

Greater data granularity 
increases insight, but 
also risk of 
misinterpreting noise

Data conditioning 
becomes a prerequisite

An Analytical Gap 
remains between richer 
data and decision-
making

AI-assisted inference

Automated pipelines

Decision instruments

EVM Data Artifacts Timeline

Human Focused Standardization Data Centric Analysis
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IPMDAR: A Paradigm Shift in EVM Data Structures
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What 
has 
changed

Data transitioned from human-readable reports 
to data-centric, relational .json tables

Contains time-phased data from first period 
through projected end. Longitudinal execution 
record across program life

Why it 
matters

Analysts can query, filter, and join data at the 
level where work is planned and executed 

Aggregations become analytical choices, not 
fixed reporting views

Forecasting constraint shifts from data 
availability to disciplined interpretation

Cost Schedule
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Formulaic Projection

• Projects historical ratios forward

• Assumes observed performance is representative

• Hides judgment inside the formula

Analytical Inference

• Tests whether signals are informative 

• Interprets performance in context 

• Makes judgment explicit and traceable

8

The Shift: From Formulaic Projection to Analytical 
Inference

The key forecasting question is not what performance has been, but what observed 
performance implies about the work that remains.

VS

Preferred 

Approach!
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BLUF: What the Framework Reveals
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Variance at Complete
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A Structured Order of Operations for EAC 
Construction
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1. Qualify the 
data

Structural 
validation and 

signal screening

2. Assess 
predictive 
relevance

Decide which 
observations 

deserve inferential 
weight

3. Select 
forecasting 

posture
Translate 

evidence into a 
WP-level forecast 

approach

4. Incorporate 
forward-looking 

knowledge
Explicitly account 
for known future 
conditions and 

risks

5. Represent 
uncertainty

Move from point 
estimate to 

decision-useful 
range
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Qualifying the Data - The Granularity Tradeoff

More Detail

• CA-to-WP visibility

• Better causal attribution

• Richer diagnostics

More Risk

• Volatile ratios

• Timing artifacts

• Data defects become visible

Required Response

• Validate structure

• Flag weak signals

• Standardize conditioning

1. Qualify the 
data

2. Assess 
predictive 
relevance

3. Select 
forecasting 

posture

4. Incorporate 
forward-
looking 

knowledge

5. Represent 
uncertainty
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Empirical Bounding – Why It’s Needed

Observed CA-level ratios have a distinct 
empirical shape

• Right-skewed and heavy-tailed 

• Frequently well described by a log-normal 
curve 

• A recurring pattern, not an isolated oddity 

Why the tails matter

• Ratio measures are vulnerable to denominator 
effects 

• Timing artifacts can mimic durable performance 
changes 

• Extreme values may be real, but not always 
forecast-worthy 

1. Qualify the 
data

2. Assess 
predictive 
relevance

3. Select 
forecasting 

posture

4. Incorporate 
forward-
looking 

knowledge

5. Represent 
uncertainty
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Empirical Bounding’s Application

Extreme observations may be informative, but they should not mechanically rewrite 
the forecast.
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What bounding 
(Winsorization) does

Keeps shock periods 
visible 

Constrains forecast 
leverage 

Anchors interpretation in 
observed history 

How bounds can be set

Percentile corridors 

Median-centered bands 

Analyst override when 
justified

1. Qualify the 
data

2. Assess 
predictive 
relevance

3. Select 
forecasting 

posture

4. Incorporate 
forward-
looking 

knowledge

5. Represent 
uncertainty

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



How Work Type and Maturity Shape Signal 
Value
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Maturity

W
o

rk
 T

y
p

e

Low signal-to-noise. Lean 

on BAC and analog. Ratios 

reflect timing and 

denominator effects, not 

efficiency.

Schedule performance 

informative first. Schedule 

friction surfaces before cost. 

Blend SPI and CPI as 

evidence consolidates.

Cost performance 

becomes more durable. 

Cost ratios are now 

sustained. Trend toward 

actuals at closeout.

Time-phased plan. SPI is 

structurally weak by 

construction. CPI reflects 

burn rate, not progress.

Watch cost performance 

burn rate. Schedule index 

carries no useful signal here. 

Treat it as noise.

CPI trending to 1.0. Revert 

to actuals. Nothing left to 

infer.

Early (<20% complete) Sustained Execution (20–80%) Late / Closeout (>80%)

Discrete 

(Milestone

-based)

LOE 

(time-

based)

14

1. Qualify the 
data

2. Assess 
predictive 
relevance

3. Select 
forecasting 

posture

4. Incorporate 
forward-
looking 

knowledge

5. Represent 
uncertainty
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Selecting the Forecasting Posture
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1. Qualify the 
data

2. Assess 
predictive 
relevance

3. Select 
forecasting 

posture

4. Incorporate 
forward-
looking 

knowledge

5. Represent 
uncertainty

Inputs from Previous Step

• Work type and maturity

• Data quality and continuity

• Signal stability and 
representativeness

• Remaining-work comparability

• Historical volatility and 
distribution shape

Method Selection Engine

• Uses predictive-relevance 
inputs to assign the 
forecasting method

• May select plan-based, 
analogy-based, bounded-
performance, or blended 
methods

• May support ARIMA, Bayesian 
learning, regression, or other 
statistical models when the 
data supports them

• Can evolve toward ML-
enabled method selection as 
cross-program training data 
improves

Transparency / Governance 
Layer

• Makes the evidence-to-
method mapping explicit

• Uses commodity- and 
program-calibrated defaults

• Documents analyst overrides 
and rationale

• Prevents advanced methods 
from becoming black-box EAC 
generators
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Incorporate Forward-Looking Knowledge
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A good EAC uses history as evidence, not as a substitute for thinking about the future.

Historical Evidence

• WP-level cost and schedule 
performance

• Maturity-conditioned CPI/SPI 
signals

• Bounded treatment of extreme 
observations

• Evidence of persistent execution 
trends

Forward-Looking Knowledge

• Known future events and phase 
transitions

• Technical state changes not 
reflected in history

• Risks, opportunities, and planned 
recoveries

• Judgment about remaining work 
conditions

Quality Forecast 

1. Qualify the 
data

2. Assess 
predictive 
relevance

3. Select 
forecasting 

posture

4. Incorporate 
forward-
looking 

knowledge

5. Represent 
uncertainty
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Residual performance variability

• Continuous uncertainty

• Derived from bounded work package histories

• Reflects normal execution variation

Forward-looking continuous trend uncertainty

• Inflation, labor rates, learning curves, productivity trends

• Applies continuously across remaining work

• Modeled as future-facing assumptions, not historical noise

Discrete future events

• Named risks and opportunities

• Modeled separately from historical ratios and trend 
assumptions

• Added through simulation

Outputs

• P0 – P100 range

• Probability of exceeding BAC or contractor EAC

• Variance decomposition by source

From Point Estimate to Full Range of Probable 
Outcomes

1. Qualify the 
data

2. Assess 
predictive 
relevance

3. Select 
forecasting 

posture

4. Incorporate 
forward-
looking 

knowledge

5. Represent 
uncertainty
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The framework turns EAC from a reporting artifact into a decision-support product: 

traceable enough to explain, structured enough to challenge, and practical enough to 

support real program reviews.

Traceable 

Forecasts

Projected growth is tied back to 

specific work packages, control 

accounts, risks, and 

assumptions so analysts can 

explain where the EAC is 

coming from. 

Guided Analyst 

Inquiry

The framework helps analysts 

ask targeted questions about 

persistence, comparability, 

remaining work, schedule 

pressure, and future risks, then 

turn those answers into 

forecast inputs.

Decision-Ready 

Ranges

Outcomes show not just the 

expected cost at complete, but 

the probability of exceeding 

BAC, contractor EAC, or other 

funding thresholds. 

Review-Ready 

Storytelling

The forecast becomes easier 

to defend and act on in EVM 

briefings, IBRs, risk reviews, 

cost review boards, and 

milestone decisions.

Implications for Analysts and Decision-Makers
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Conclusion: From Reporting Artifact to 
Decision Instrument

The EAC should be understood as a structured inference about remaining work, not a mechanical 
extension of historical ratios.

IPMDAR gives analysts richer visibility, but better forecasting still depends on disciplined interpretation, 
not detail alone.

This framework adds value by making calculation repeatable and judgment transparent, rather than hiding 
assumptions inside generic extrapolations.

As automation, advanced formulas, and machine learning play a larger role in forecasting, well-defended 
estimate structures will be necessary to keep those tools from becoming black boxes.

The future of EVM forecasting should pair analytical progress with explainability, traceability, and sound 
judgment.

19
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THANK YOU

Bringing Narrative to the Noise: Detailed 
Storytelling Through IPMDAR Data
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Backup
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Baseline quality continuity 

of execution environment; 

phase transitions degrade 

prediction. Inconsistent 

updates directly affects 

inference; cannot fix a 

disjointed plan. 

 

Swapping aggregate-level 

for detail means every 

data flaw becomes more 

visible. Prediction interval 

produce wider ranges, an 

honest answer vs false 

precision. 

 

Relies on enhancements 

for learning evolving 

bounds and signal 

strength. Baseline quality 

risk aggregation and 

schedule integration 

opportunities. 

 

Higher appetite against 

completed programs using 

MAPE and bias measures. 

Inconsistent updates 

coverage testing to 

validate uncertainty 

bounds. 

 

DATA QUALITYLIMITATIONS FUTURE RESEARCH VALIDATION

Limitations and Future Work
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The performance corridor defines the range of index values treated as representative of sustained 
execution behavior for a given work package.

Corridor Construction Options

Percentile Corridor
• Defined by the Pₗ-th and Pᵤ-th sample quantiles 

• Default configuration: Pₗ = 10, Pᵤ = 90 

• Captures the central 80 percent of observed performance 

• Preferred when the observed distribution is asymmetric 

Median-Centered Band
• Defined as M ± k·s 

• M = sample median 

• s = standard deviation of observed index values 

• Default: k = 1.5 

• Appropriate when the observed distribution is approximately symmetric 

Key methodological choice
• Corridors are computed from the historical index values of the specific work package under analysis 

• Program-level or cross-contract corridors are not used

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



Bounding Mechanics and Statistical Rationale

Treatment of observations outside the 
corridor

• If an observed period-level index value falls below 
the lower corridor bound, it is winsorized to the 
lower bound 

• If it exceeds the upper corridor bound, it is 
winsorized to the upper bound 

• The original unbounded value is retained in all 
diagnostic outputs and visualizations 

• Winsorization affects only the index values used 
as inputs to the EAC formulas 

24

Estimator logic

• Bounding operates as a constrained estimator 

• It reduces estimator variance at the cost of 
introducing modest bias toward the center 

• In heavy-tailed WP-level EVM data, the reduction in 
variance typically exceeds the increase in squared 
bias 

• Result: lower mean squared error than the 
unbounded estimator 

Interpretive point

• The historical record is not altered 

• Bounding constrains inferential weight, not 
visibility
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Monte Carlo Simulation Structure and Execution

Structure
For a given CLIN or contract, total remaining cost is modeled as: 

                                  C = Ĉ + X + ΣRᵢ

Where:
•  Ĉ = disciplined point estimate produced by the bounded, maturity-conditioned method 

•  X = residual performance variability, and the continuous uncertainty around the point 

estimate 

•  Rᵢ = discrete risk or opportunity events with probability of occurrence, impact distribution, 

and optional dependency structure 

Parameterization of residual variability
• Modeled at the work-package level, and bounded historical index values define an empirical 

distribution of realized performance 

• Future residual variability is drawn from a normal distribution centered at zero 

• Standard deviation equals the standard deviation of bounded index residuals, scaled by 

remaining BAC for that WP 

• Independence across WPs is the default, but correlation matrices may be introduced when 

structural coupling exists 

Parameterization of discrete risks
• Each event has: 

• Pᵢ ∈ [0,1] 

• an impact distribution, typically from a three-point estimate fit to a PERT-Beta or 

triangular distribution 

•  Events either fire or do not fire each trial 

•  Conditional dependencies may be imposed when justified

25

Simulation execution
Default run size: N = 10,000 trials 

Each trial: 
• draw WP-level residual variability terms 

• sample discrete risk/opportunity events 

• compute total remaining cost 

• record result 

Outputs
• CDF of total cost 

• P0 – P100

• probability of exceeding BAC 

• probability of exceeding contractor EAC 

• Identification of the work packages or risks contributing most to the 

upper tail 

•  variance decomposition separating continuous variability from 

discrete-event uncertainty 

Convergence
•  At 10,000 trials, percentile sampling error is generally small, about 

±1–2% for P50 and P80 

•  Increase to 50,000 trials when modeling stronger dependence or 

fatter tails
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