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

f\'l.';achnomics

Forget Tea Leaves, Accelerate

Resource Planning with Time
Series Models

Alan Karickhoff-akarickhoff@technomics.net
Justin Alcorta-jalcorta@technomics.net

Remmie Arnold-rarnold@technomics.net

International Cost Estimating and Analysis Association

5/14/2026
.



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

Abstract

In budget constrained environments, federal organizations must budget efficiently and
effectively to minimize waste and maximize mission delivery. Easier said than done,
these organizations routinely face challenges with moving pieces and
interdependencies. That said, federal organizations can often leverage historical budget
and spending trends to streamline how they plan their resource needs for operations
programs, which are rarely supported by a formal estimate and are without fixed

start/end dates.

This paper demonstrates the use of time series modeling techniques to forecast future
operational costs to benchmark funding requests to Congress. Operations activities
present a unique opportunity to leverage historical cost data because they generally
exhibit predictable cost patterns both backwards and forwards. These conditions
combined with robust data collection and management processes enable cost forecasts
to be partially automated, which gives agencies an efficient and data-driven basis to

level set their budget requests.

Keywords: Benchmark, forecast, predict, time series, automate, model, budget, plan,

resource, cost, spend, streamline
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1.Critical Need for Improved Operational Estimates

When resources are scarce, effective planning is essential to accomplish mission
objectives. A key part of planning includes identifying efficiencies. This paper walks
through a framework that leverages time series analysis to quickly estimate future costs
of operations programs’ based on their historical spending. From a federal oversight
perspective, data-driven estimates of costs for operations programs are needed to

effectively plan resource needs.

To illustrate the problem of poor estimates of operations programs and how our
framework addresses the problem, this paper follows one exemplary set of operations
programs within a hypothetical agency called the Federal Research & Logistics
Administration (FRLA). Figure 1 shows a work breakdown structure for the operations

programs within FRLA that we will follow throughout this paper.

Information Facilities/Building
WeS Leval 4
Network Fees Lease Maintenance

WBS Level 3 Help Desk Internet Service Cloud Based Storm Damage Equapmem Environmental
Support Provider Bills Licensing Repairs Purchases Remediation

Figure 1: WBS of the FRLA Operations Programs

The framework discussed in this paper targets operations programs because most
federal organizations rarely apply robust cost estimating practices to estimate the costs
of operations programs. This best-practice avoidance adds unnecessary risk to

portfolio-level funding availability and evades statutory requirements.

" Depending on context and agency, operations programs may include or be synonymous with capital
expenditures (CapEx), operating expenditures (OpEx), system operations and sustainment (O&S),
operating and support costs (O&S), and/or recurring costs.

.
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1.1. Risks and Requirements

These risks have been realized in several Department of War programs. Several recent
GAO reports (ex. GAO-23-106341, GAO-24-107378) focus on cost growth in operations
and sustainment (O&S) programs following the FY2021 NDAA provision for GAO to
review sustainment reviews conducted by the DoW. GAQO’s 2024 report highlights
critical cost growth in 7 of 16 weapon systems O&S programs across the DoW. The
same 2024 report describes that the DoW was unable to make an O&S cost growth
determination for a separate 9 systems, citing, “the weapon systems did not have a
previous or original baseline cost estimate needed to determine cost growth.” What are

the impacts of poor operations program estimates?

When actual resource needs for operations programs exceed their planned needs, the
unexpected needs can crowd out funding required for the highly visible and scrutinized
acquisition programs. Figure 2 shows how unexpected funding needs for operations
programs within FRLA can lead to tougher and more constrained decisions that impact
capital assets like major acquisitions and procurements. The stacked line chart shows a
5-year program or budget for the WBS Level 2 elements of FRLA.

Agency Plans vs. Actuals Example

$120M

Tougher funding ___&

$100M decisions o
‘f

TS m e ——————
Seao
——

~ Unforeseen

.- i A
Topline Requestyz=~ N /////////////k demand for data
s aiEe=s o ///////// centers drove up
______ L Tk salaries for IT support
| oy PPl

<50M IT Support and Network Fees

Plans failed to consider
: deteriorating
Operations . equipment that led to
programs Corrective Maintenance high corrective
$20M maintenance costs

Building Lease

$OM —
FY27 FY28 FY29 FY30 FY31

Figure 2: Planned vs. Actual Funding Needs

Flipped the other way, when agencies spend less than what they requested on
operations programs, funding for the agency is likely to be cut in the future (Fichtner and

Albanese, 2018). For agencies with multi-year or no-year funds, excessive carryover

.
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highlights misalignments of cost plans and funding requests. This kicks off a vicious
feedback loop where the agency loses trust from Congress and acquiring sufficient
future funds becomes more challenging, leading to continued inefficient execution.

Stronger estimates for operations programs mitigate these risks.

Beyond risk mitigation, there are also legal requirements for robust and quality cost
estimates covering all phases of a program’s lifecycle. Existing legislation requires
analytical support to the entire budget, particularly to ensure that funding is spent
effectively and efficiently, emphasizing the value of “evidence in policymaking”
(H.R.4174). Additional federal guidance clarifies that agencies must include discussion
of evidence from “evaluation results, program performance indicators and performance
goals, and other relevant data analytics and research studies” (OMB Circular A-11).
Agencies generally align their cost estimating policies for capital acquisitions and major
infrastructure projects to these requirements, but agencies rarely use data to drive their

budget requests for operations programs.

What cost estimating best-practices are your federal agencies, or the federal agencies
that you support, using to estimate the cost of programs without fixed start and end
dates, the supporting programs to current and future acquisitions, and the programs
necessary to maintain buildings and assets, enable production activities, and sustain

major investments?

1.2. Estimating Operations with Time Series Analysis

This paper walks through a data-driven framework utilizing time series analysis to set
benchmarks to help budget for operations programs’ future costs. The characteristics of
operations programs’ costs make the programs an applicable case to apply time series
analysis to enable fast and credible reference points to inform resource decisions.
Operations programs’ actual costs? are consistent (implying stable scope),

chronological, and span multiple intervals.

2 Actual cost means an amount determined on the basis of cost incurred (as distinguished from
forecasted cost), including standard cost properly adjusted for applicable variance. (48 CFR 9904.401-30)

.
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Logically, time series analysis is an applicable method to address problems with
operations programs because of its ability to analyze sequentially observed data over
time. Time series analysis is a set of statistical tools, including time series models, for
modeling temporal patterns and estimating relationships involving variables that are
observed over time. The sequential ordering of observations through time is the
essential characteristic of time series analysis that can be exploited for forecasting
(McNown, 2018).

In time series forecasting, univariate models are built on chronologically arranged prior
observed values of a variable and used to forecast future values of the variable. In our
case, prior costs for an operations program are used to forecast their future costs. We
have applied these benchmarks with several clients for when estimates for operations
and sustainment programs are not done or not transparent. They have given our clients

with oversight roles data-driven insights into resource planning.

This paper will show why time series models provide better insights to decision-makers
than tea leaves and that their effectiveness comes from the framework that we built
around them. Principally, our framework aligns time series forecasts to the U.S.
Government Accountability Office’s (GAQO’s) characteristics of a good cost estimate:
comprehensive, well-documented, accurate, and credible (GAO, 2020). To align to
GAOQO'’s characteristics, we include transparent documentation on our assumptions,
forward looking metrics, intuitive visualizations, and guidance on interpreting the outputs
of the time series models. These features ensure that our clients can communicate

results with clarity and credibility.

2. Data Management

If the visualizations and dashboards are the tea leaves that give decision-makers the
insights they need, then data management is the team of pottery makers that mold the

tea pots for drinking tea and making readings. At the foundation of our framework,

3 A time series model is a machine learning model that can analyze sequential time series data and
predict future values. (Belcic, Stryker, 2026)

.
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effective data management enables tapping into two key and overlapping efficiencies:
automation and scalability. Rather than spending weeks deciphering the cryptic
remnants of disparate financial reports, our framework automates and accelerates the
transition from data collection to decision-making. Automated time series analysis
provides a quick and efficient way to level-set resource requirements across portfolios,
meaning our approach supports agencies at scale where 100s of individual resourcing

decisions are made.

In setting up automated functions, we write thorough documentation for transparency
and repeatability. Our automated functions are largely preprogrammed code in R scripts

to clean and tailor data, automate model specifications, and qualify model decisions.

The most significant barrier to automating a comprehensive framework is establishing
scripts that link data sources, but once connections between data sources are well
established, maintenance is minimal. This gives practitioners a tool that they can

leverage year after year and pass down from practitioner to practitioner.

2.1. Data Foundation & Integration

21.1. Underrated Accounting and Financial Systems
For our clients that struggle to identify authoritative and validated data, financial
accounting data“ is an underrated and underutilized resource to support resource
planning. Though our clients commonly use accounting data to assess program

execution, they seldom use it to inform budget requests.

Accounting data enables our framework of automated scripts because of its consistency
in structure and reporting intervals. Strict reporting standards ensure the data is
reported each month and contain the same common fields across years. However, strict
reporting standards can also be a burden because they require reporting at a lower

level than Program Managers (PMs) operate or make decisions. Our framework

4 Title 41, U.S.C., Chapter 15, Cost Accounting Standards (CAS) sets federal reporting requirements.
These requirements are further outlined in the Federal Accounting Standards Advisory Board’s (FASAB’s)
Managerial Cost Accounting Standards (Statement of Federal Financial Accounting Standards No. 4),
which is “aimed at providing reliable and timely information on the full cost of federal programs, their
activities, and outputs” (FASAB, 1995).

.
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overcomes those burdens through aggregation of the low levels through pre-specified

criteria.

In one client application of our framework, we collect three series of financial accounting
data: actual costs, obligations, and year-of-execution cost plans. Though we only
forecast costs, we collect obligations and year-of execution cost plans because they
add context to historical spending patterns. Year-of-execution plans offer insights into

the months between the year of execution and the budget request.

Context helps analysts interpret the impact of spending forecasts. For example, the
combination of costs and obligations reveals programs’ total available funds. Total
available funds, or total-available-to-cost (TAC), informs funding availability and funding
constraints. This information is useful because spending patterns are highly related to

funding availability.

Imagine a program that executes very near their TAC. Funding may be a constraint on
their ability to spend. In this case, the cost forecast may be lower than needed because
it is only based on their funding-constrained spending history. So, lifting that funding

constraint may enable greater execution of mission objectives.

Now, imagine a new program with a different problem in an agency with multi-year
funds. This program shows a growing delta between TAC and costs from year-to-year.
The delta indicates that funding may not be a constraint and that the program has
difficulty executing increased appropriations. Appropriating funds closer to the projected
costs may be more efficient for a program in this scenario.

Part of the challenge with planning for future resource needs is the uncertainty between
when plans are set and when funding is needed. Decision-makers should consider how
programs have executed funds and how they have planned to execute funds when
planning resources. Past trends may reveal constraints or execution problems.
Additionally, forward-looking plans are useful because they can reveal new trends that
are not visible in historical actuals. The next section digs into the value of budgets in

more detail.
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21.2. Budgeting Systems
In maintaining the objective of giving decision-makers more context to cost forecasts,
prior budget requests can also highlight shifts in program priorities and goals. Past
budgets generally exist outside of the financial systems, however, and require

integration into the framework.

These plans can indicate structural changes expected in the future that would drive
differences between the historically-based forecast and actual needs. Examples may
include programmatic activities that move between programs, activities that are
discontinued, or new activities. See Table 1 where a new ‘Cloud Based Licensing’
activity within our hypothetical agency, FRLA, is driving funding needs for the ‘IT
Support and Network Fees’ program. If we relied solely on our historical cost

projections, then we would miss this new mission requirement.

Table 1: IT Support and Network Fees Example Budget Request ($M)

FY27 FY28 FY29 FY30 FY31

IT Support and Network Fees $25 $26 $27 $28 $29
Help Desk Support $10 $11 $10.5 $11.5 $12
Internet Service Provider Bills $15 $15 $15 $15 $15
NEW Cloud Based Licensing $0 $0 $1.5 $1.5 $2

21.3. System Integration
Integrating financial accounting data and budget data is often required to assess the
past, present, and future of programs. To integrate accounting data with other agency
systems, agency professionals may need to crosswalk contractors’ financial data to the
agency budget structure. For time series analysis, common data reporting requirements
and a common work breakdown structure (WBS) that aligns with the agency budget
structure are essential. This alignment allows for comparisons between actual costs and

other financial metrics like appropriations, planned costs, and future funding requests.

Figure 3 shows the integration of different sets of data using the ‘IT Support and
Network Fees’ program example from Table 1. In this example, the costs (solid black

line) are similar to the appropriations (solid teal line) (a good sign), but the program has
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not spent close to their full available budget/TAC (dashed light blue line) (a bad sign).5
Because the program’s request (solid yellow line) appears well above the historical
costs (solid black line) and the year-of-execution cost plan (solid pink line), we may

question the program’s ability to execute their request.

IT Support and Network Fees

—t— Appropriations =—e==Costs Request TAC Cost Plan
$35M

$30M
$25M
$20M —
$15M W
$10M

$5M

$0M
FY22 FY23 FY24 FY25 FY26 FY27 FY28 FY29 FY30 FY31

Figure 3: Integrated Financial Metrics

This observation could prompt a discussion with the PM or Portfolio Acquisition
Executive (PAE) to understand the difference in historical costs and the request, and it
could signal that this request is unrealistic. The program might have credible reasons for
the delta between the annual TAC and costs, but the magnitude of the difference and

the increasing separation between the metrics is concerning.

This example highlights the value of integrating financial systems to review program
plans, but planning for future resource needs can be further improved. The ‘IT Support
and Network Fees’ program spent no more than $20M annually, but that is not evidence
to suggest the program cannot spend that much in the future. How much has their
spending increased from year to year? Is the program spending at an annual rate that
would suggest the demand for the services exists and that the program is capable of
spending $25M annually by FY20277? In the following sections, this paper covers the

5 This program has no-year funds so the Total Available to Cost (TAC) (dashed light blue line) reflects
carryover, or unspent/uncosted, dollars from prior years.

.
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groundwork and methodology that projects historical costs to help answer these
questions. The framework leverages time series analysis to quickly and efficiently
forecast historical trends into the future, effectively enabling analysts to prepare the
proverbial tea for leaders and be ready to read the proverbial leaves as soon as they

settle.

3. Analytical Methodology

3.1. Characteristics of Operations Programs

To revisit the characteristics of operations programs, their costs are consistent,
chronological, and span multiple intervals. In this framework, we evaluate the
effectiveness of time series analysis for projecting the costs of operations programs by
the stability and duration of program costs. In general, operations programs are suitable
applications because they have historical costs that fit these criteria. Their stability in

spending between and within them, however, may vary and should be evaluated.

To help scope what programs are applicable, we conduct exploratory analysis and
grade programs by their stability and duration. Table 2 provides an example WBS and
historical annual costs from our FRLA example to practice this scoping. In practice,
forecasting costs requires at least a few dozen data points (the variation in number
depends on the time series model), so our framework projects historical costs based on
multiple years of monthly costs, which tend to have greater variance than annual costs.

Table 2: Work Breakdown Structure (WBS) of Historical FRLA Costs

WBS Name FY22 FY23 FY24 FY25
1.0 Information Technology (IT) $15M $18M $17M $19M

IT Support and Network Fees $15M $18M $17M $19M

1.11 Help Desk Support
1.12 Internet Service Provider Bills $10M $12M $13M $14M
1.13 Cloud Based Licensing $OM $OM $OM $OM
20 [Facilties/Buiding Operations | $27M __ $33M __ $25M __ $37M
2.1 Corrective Maintenance $22M $28M $20M $32M
2.11 Storm Damage Repairs $OM $6M $2M $OM
212 Equipment Purchases $15M $16M $15M $20M
2.13 Environmental Remediation $7M $6M $3M $12M
25D Building Lease $5M $5M $5M $5M

.
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Initial observations from the table:

e The entire Information Technology (IT) (WBS 1.0) program has consistent or
steady historical spending across all activities in the program
e The program ‘Facilities/Building Operations’ (WBS 2.0) spends between $25M
and $37M annually.
o The program’s costs are continuous and relatively stable over the 4 years.
e The programs at the third WBS level under ‘Facilities/Building Operations’ (WBS
2.0) are not as conducive for time series analysis.
o The ‘Storm Damage Repairs’ (WBS 2.11) program is temporary; it starts
and ends within the 4 years
o ‘Environmental Remediation’ (WBS 2.13) costs are unstable, starting at
$7M, falling to $3M, and then jumping to $12M.

As a systematic approach to assessing programs that are suitable for time series
analysis, we incorporate these observations into a matrix we termed a Stability and
Duration (S&D) Matrix, shown in Figure 4. It compares the duration of programs on the
horizonal axis with their stability in historical costs on the vertical axis.

The S&D Matrix allows users to decompose programs at various levels within a WBS
and forecast at lower levels. Forecasting the activities that make up the program
corrects for activities that are discontinued into the future or for temporary WBS
elements that are extreme one-time costs. However, there is a tradeoff of lower
decompositions generally resulting in weaker predictions. Practitioners can chart
different levels of program activities on the S&D Matrix to help determine the
appropriate level to forecast before conditioning the data.

The most applicable programs for time series analysis fall into the top right quadrant of
the S&D Matrix. These programs have the greatest longevity, potentially no fixed start
and end dates, and the most consistent actual costs over the historical time range
window. The programs that are less applicable for time series analysis are in the bottom
left quadrant. These programs have the shortest lifespans and have highly variable
historical costs. The programs in quadrants one and three require more data
conditioning or communication of risks in leveraging the forecasts for decision-making.

.
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Figure 4: Stability and Duration (S&D) Matrix

With only a handful of programs in our portfolio, we can place the programs on the
matrix based on our initial observations of annual trends and characteristics of the
programs themselves. We can then identify which programs are continuous versus
discrete, as well as the new programs or programs that will end. At the lowest WBS
levels, well below our FRLA example, where activities appear for only a couple months
in a year, we consolidate these activities to then enable time series analysis. This
consolidation is described further in Section 3.4: Hierarchical Models where time series

analysis is applied at the lowest possible WBS levels.

3.2. Methods to Condition Data

Back at the higher WBS levels, the programs in the top right quadrant of our S&D matrix
with more consistent annual costs, we condition their monthly costs. Conditioning data
is important to permit certain statistical techniques and ensure models are not impacted

by data errors or historical costs that do not reflect future planned activities.

Our conditioning primarily includes reconciling negative values (Section 3.2.1) and
treating outliers (Section 3.2.2). Visualizing the data is an effective way to identify

negative costs, recognize unusual data points, and distinguish patterns in the data. This

11
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step helps identify what conditions or thresholds should be set to control what historical
data informs the forecast.

3.21. Reconcile Negative Values
Ouir first conditioning step is changing negative values. Negative values may indicate
accounting adjustments (correction of previous expenses or misclassified costs) or
deobligated funds (ex. canceled contracts). If left as is in the dataset, such distortions
can lead to mis-specified models, under-predicted forecasts, or limit the use of data

transformations necessary for some models.¢

Figure 5 shows an unconditioned monthly cost series containing negative costs. This
example represents equipment that was purchased through an installment plan over
several months but cancelled. Each cancellation is reflected in one month, the negative
costs shown in June 2023 and March 2025. These downward spikes pull projected
monthly trends downward, masking the true underlying cost behavior.

Equipment Purchases (Monthly)

$3.0M
$2.5M
$2.0M
$1.5M
$1om

$0.5M

$0.0M
Oct-21 Oct-22 Oct-23 Oct-24
-$0.5M

Oct-25 Oct-26

" Jun-23
-$1.0M

-$1.5M Mar-25

-$2.0M

Figure 5: Historical Costs with Negative Costs

Because a negative value indicates a correction to a prior cost, essentially offsetting the
negative value, we must reduce the historical costs before the negative value. So just

as the negative value needs to be corrected, the costs preceding the negative value

6 Negative values can preclude use of log or Box-Cox transformations because logarithms are only
defined for positive numbers.

.
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also need to be changed. For a single program or a handful of programs, an analyst
may be able to track down what historical month the negative value is correcting, but for
dozens or hundreds of elements, we developed an automated system for reconciling

negative values based on trends and thresholds of historical costs.

Our approach reconciles negative values by either zeroing out the negatives or
redistributing dollars from the negative value within a determined window.” Zeroing out
the negative value is appropriate when the program regularly spends zero dollars in a
period. Our threshold for zeroing out is when 5% of periods in the dataset are zero. For

all other occurrences of negative values, we redistribute the dollars. To redistribute we:

1. Observe if there are any positive outliers® within the window, negative values are
offset through these outliers until there are no outliers.

2. Offset negative values proportionally within the window. This means that larger
costs are reduced by a larger amount relative to other costs within the window.

3. Determine if the positive values within the window cannot offset the whole
negative value, then the window is extended. If the entirety of the positive values
in the extended window cannot offset the full credited amount, then the credited

amount is set to zero, and the remaining difference is excluded.

Practitioners should assess the appropriate thresholds for how they reconcile negative

values from the data that they have available.

Figure 6 shows the same ‘Equipment Purchases’ series from Figure 5 and overlays the
conditioned costs in yellow. The negative values are adjusted upward and costs

preceding the negative value are adjusted downward to balance the upward adjustment.

7 A “window” is the range of months we subset for analysis. We choose to use a local 15-month window
of -12 months and +3 months surrounding the negative value to reallocate the negative value. This
window was subjectively selected based on expectations that positive cost occurred near to the negative
adjustment.

8 We set our z-score threshold for detecting outliers at = 3 standard deviations above the mean.

.
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Equipment Purchases (Monthly)
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Figure 6: Historical Costs with Conditioned Negative Values

The conditioned cost series is the series used to forecast future costs for ‘Equipment
Purchases.’ In this example, by adjusting the negative values, the projected costs for
the conditioned series are higher than the original projection that includes the negative

costs that mischaracterize realistic historical spending patterns.

3.2.2. Identify and Treat Outliers
Identifying and treating outliers is important to ensure the forecast reflects costs
relatable to future program plans while maintaining variation in the dataset. The
challenge is determining what historical costs will not be realistically reflected in the
future. For example, large equipment purchases may be expected annually but may

trigger as outliers if our thresholds are too low.

We considered two methods to detect outliers. The first method we considered uses the
standard 1.5x the interquartile range (IQR) as the threshold for outliers. We considered
it because of its prevalence in general applications of outlier detection but dropped it for
the traditional z-score method when in application it triggered too many expected
historical costs as outliers to treat. Treating these outliers would severely lower our
forecasts and misrepresent the historical cost patterns in projections.

Z-scores are defined as the difference between an observed value and the mean of the

population, divided by the standard deviation of the sample population.

14
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1L = mean
o = standard deviation

In other words, z-scores measure the number of standard deviations a given

observation exists above or below the mean.

The key distinction between the IQR and z-score methods is that the IQR method
anchors itself to the middle portion of the data and is robust to extreme values, while the
z-score method relies on the mean and standard deviation and is more sensitive to
variance. A major benefit of z-scores is the flexibility in how they can be used to trigger

outliers.

While robustness to outliers can be a strength of the IQR method, this serves as a
liability for our analysis. Since the IQR method imposes a rigid threshold based on the
middle 50% of the data series, it cannot distinguish the tails of trending time-series
values from other outliers. If a program’s costs steadily increase or decrease, the IQR
method is likely to consider the highest and/or lowest values in the tails of a series as
outliers, and thus be mistakenly omitted from analysis.

The strength of the z-score method is that it assesses outliers dynamically through use
of the standard deviation. When a series is volatile or trending, the standard deviation
increases, effectively widening the threshold of acceptable values. The wider range
lowers the risk of controlling for smaller variance. The wider range lowers the risk of

adjusting the series for expenses that are uncommon but still expected.

In our framework, we exclusively leverage the z-score method and set a high threshold
for detecting outliers at = 3 standard deviations above the mean. The interpretation of
this threshold is that we only expect 0.3% of data to fall outside of three standard
deviations above the mean. The high threshold is because we expect outliers in the
future, but we want to avoid the influence of the most extreme outliers that could

redirect trends.
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In most cases, some expenditures are expected each month, so we do not default to
remove or zero out the outliers. Instead, we adjust these outliers to the median of its
previous and next three months. Figure 7 shows the ‘Environmental Remediation’ series
after adjusting the July 2025 costs using localized median-based conditioning. The
conditioned series maintains realistic month-to-month variability while preventing

extreme values from disproportionately influencing the forecast trend.

Figure 7 illustrates an application of the z-score detection method with the monthly
historical costs of the ‘Environmental Remediation’ program from our FRLA example. In
this view, we can see that a couple of mid-year spikes might register as outliers with the
IQR method, but they continue to appear, so we want to keep those activities in our
forecast. We also notice that one month, July 2025, drove much of the annual costs in

FY 2025 and distorts the reality of the program’s historical spending.

Environmental Remediation (Monthly)

Actual Costs Conditioned Costs
$4.0M

Jul-25
$3.5M
$3.0M
$2.5M
$2.0M
$1.5M
$1.0M
$0.5M

$0.0M
Oct-21 Oct-22 Oct-23 Oct-24 Oct-25 Oct-26

Figure 7: Historical Costs with Treated Outlier

With more digging, we might be able to figure out that this expense was a one-time
occurrence for an extreme event or, conversely, an indication that future expenses will
be larger. Without additional context, our model treats the July 2025 costs, adjusting

them downward.

Once we have established the scope of our analysis and appropriately conditioned the

data for the relevant programs, we are ready to specify models for the programs.
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3.3. Popular Time-Series Models

We use the simple models described in Table 3 because they are the most common in
time series analysis, applicable to a wide variety of data series, and the easiest to
interpret. Additionally, they do not require granular data series. They can be applied at
any level of detail if the series is continuous. In Section 3.4, this paper describes a more

complex approach when agency data is available in a WBS hierarchy.

The simple models we use are ARIMA (Autoregressive Integrated Moving Average),
Exponential Smoothing (ETS: Error, Trend, Seasonality), and Linear. Because ARIMA
model parameters and tests are particularly complicated, we recommend reading the
2025 ICEAA paper, “Re-Tooling the Estimator’'s Approach to Escalation Forecasting”
(Bell, Cronin, Wells, 2025) for more information on the equations that support the

models.
Table 3: Simple Forecasting Model Comparison
ARIMA ETS Linear

Description |ARIMA (Autoregressive ETS (Exponential Linear regression models
Integrated Moving Average) |Smoothing) models use aim to describe the
modeling is one of the most |exponential smoothing relationship between an
common methods for methods and produce outcome variable and one or
forecasting time series data. |forecasts as weighted more predictor variables. In
It integrates Autoregressive |averages of past our univariate time series
modeling and Moving observations, with the forecasting applications, time
Average modeling, and it weights weakening itself is the sole predictor.
relies on past time series exponentially as the
data (Bell, Cronin, Wells, observations get older.
2025).

Strengths ARIMA models can control  |Accommodates non- Easy to interpret and
for seasonality stationary data communicate; most intuitive

results

Weaknesses |Requires data to be Harder to interpret than Unable to recognize
stationary?; difficult to linear models and generally |seasonality; cannot
communicate similar results to ARIMA recognize changes in

models historical trends

In practice, we can generally avoid spending excessive time weighing the pros and cons

of these simple models because we exploit automated accuracy tests, described in

9 “A time series is said to be stationary if there is no systematic trend, no systematic change in variance,
and if strictly periodic variations or seasonality do not exist.” (Irizarry, 2001)

.
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Section 3.5, to choose the best performing model. Because these tests are automated,
we test every topline series against each model without losing efficiency. These
accuracy tests are done at the topline program level because these models are
intended for faster results when granular data is less available. In the next section, we
unlock the predictive edge with a deeper look into the WBS elements within operations

programs.

3.4. Hierarchical Models

The simple models described in Section 3.3 are the most feasible and quickest models
to implement in a framework for planning resources for operations programs, but when
agency data is sufficient and resources are available to take planning another step
further, hierarchical models take predictive prowess closer to clairvoyance. Data is
sufficient for these models when WBS “categories are nested within the larger group
categories, and so the collection of time series follows a hierarchical aggregation

structure” (Hyndman & Athanasopoulos, 2021).

Hierarchical models enable projections at the most detailed program elements that are
ongoing and stable. This extra level is important because it reveals the major driving
elements of a program, elements that are ramping up, and elements that are winding

down or discontinuing.

Table 4 describes the most common hierarchical models, but in our application, we
used a custom approach that tailors the Middle-out Approach. Our custom approach
was needed because the detail and continuity of actual costs across levels of the client
WBS structure were inconsistent between programs.

Table 4: Hierarchical Models Comparison

Bottom-up Approach

Top-down Approach

Middle-out Approach

trends and continuation of
series lost to aggregation;
shows activities within
programs that are
discontinued

needs to be developed for
the aggregated series

Description |Generates forecasts atthe |Proportionally disaggregates |Selects a middle level to sum
lowest level and sums toa |a topline forecast to lower to a higher level and
higher level levels disaggregate to lower levels
Strengths Intuitive; no information on  |Intuitive; only one model Balances lower-level

information and model
simplicity
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Weaknesses |Detailed low levels of costs |May misrepresent the Requires careful
may be reported sporadically |direction of costs when consideration to balance
or inconsistently viewing forecasts at lower available information and

levels; time dynamics and simplicity
one-off costs at lower levels
are lost

Our tailored approach sets a cost threshold for determining what WBS elements are
forecasted. We use an annual threshold based on other reporting requirement
thresholds at the agency, but this threshold could be optimized via trial and error to
leverage the most data fidelity available while maintaining predictive power. Elements
with costs above the threshold are forecasted, whereas elements below the threshold
are consolidated. If the consolidated grouping is above the threshold, then the
consolidated grouping is also forecasted. We do not attempt to proportionally forecast
elements that fall below the threshold because these elements generally do not provide
decision-makers with additional useful information (these are generally very small dollar

values with minimal to no impact).

To help illustrate hierarchical models, we return to our hypothetical agency, FRLA, and
the ‘Corrective Maintenance’ program with three lower WBS elements. Figure 8 shows
the monthly cost actuals for the three elements within ‘Corrective Maintenance.” Notably
for the hierarchical model, the WBS element 2.11 ‘Storm Damage Repairs’ (the grey
line) did not require conditioning and is only a temporary activity. We do not need to

plan resources for this activity. What is the value of this insight?
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Hierarchical Example with WBS 2.1 Corrective Maintenance

Environmental Remediation Actuals Environmental Remediation Conditioned
Equipment Purchases Actuals —— Equipment Purchases Conditioned

Storm Damage Repairs Actuals Linear (Environmental Remediation Conditioned)
- Linear (Equipment Purchases Conditioned)

$4.0M

$3.0M

$2.0M

$1.0M — /\/\
S0.0M -

Oct-21 Oct-22 Oct-23 Oct-24 Oct-25 Oct-26

-$1.0M

-$2.0M

Figure 8: Hierarchical Forecasting Approach

We employed two approaches and compared them to understand the impact of the

insights from the hierarchical model:

1. A simple linear model on the WBS Level 2.1 ‘Corrective Maintenance’ program
and

2. A hierarchical model that forecasted the two continuing programs individually and
consolidated the results

The first approach, the simple linear model, ignores that the ‘Storm Damage Repairs’
program ended in FY24. The model’s forecast, in annual terms, was $30.8M in FY26
and $33.1M in FY27. In the second approach, which forecasts each element
individually, the FY26 and FY27 consolidated costs were $29.8M and $32.5M,
respectively. In this simple example, the hierarchical model revealed a potential $1.6M

(~5%) in efficiency across the next two years relative to the simple linear model.

At scale, these efficiencies should be driving fortune tellers to toss their tea leaves
aside. This tailored approach balances the accuracy of time series forecasts, the
simplicity of the models, and the level of program information that is useful for decision-

makers to plan resources effectively and efficiently.

In the following section, this paper discusses how we assess the quality of these simple

and complex models. In our quick example, the hierarchical model projected lower costs
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than the simple linear model, and intuitively this lower projection feels right since it
reflects only the continuing programs, but our framework is data-driven. Intuition is not

sufficient, and our accuracy tests test our intuition.

3.5. Model Accuracy Tests

To reassure users that the forecasts are reasonable and not misguided, we use
statistical tests to assess the historical accuracy of the models. We also measure our
predictions against observed behavior and calibrate our approach over time.
Preprogrammed scripts automatically test the accuracy of each model to help determine

realistic future costs.

We considered three commonly used forecast accuracy metrics: Mean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE), and Mean Absolute Scale Error
(MASE). In practice, our framework relies on only the MAE and MASE metrics.
Together, these metrics balance against their strengths and weaknesses. MAE provides
an intuitive measure of typical dollar error, while MASE compares a model’s error to the
error of a simple baseline, enabling common comparisons between series regardless of
scale. We excluded MAPE because of its unreliability when costs are near zero and
when costs are volatile (both common at lower WBS levels). The interpretation of the
selected metrics and their tradeoffs are summarized in Table 5.

Table 5: Accuracy Test Comparison

Mean Absolute Error Mean Absolute Mean Absolute Scaled
(MAE) Percentage Error (MAPE) Error (MASE)
n
Formula lzn:b,. — 9 1 |y — ¥l T MAE
ngt n } , yi ST Vi = Dol

i=1

Quantifies the average Measures forecast

absolute difference Measures average forecast accuracy relative to a naive
Interpretation between the predicted error as a percentage of y e
benchmark; ideally
values and the actual actual values .
significantly less than 1
values
e Easy to understand e Scale-independent e Comparable across
e Errorvalues are inthe| e Intuitive percentage different series
same units as the interpretation e  Works with zero and
Strengths original data negative values
e Robust to outliers e Directly indicates
improvement over
baseline

.
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e Small penalties to e Unstable whenvales | ¢ More complex to
large errors are near zero explain
Weaknesses o Treats over- ar_1d o Bi_ased toward series | o Req_gires definition of
under- estimation with low values a naive benchmark
equally e Misleading for volatile
cost data

Together, MAE and MASE give analysts an absolute and a relative view of forecast
performance. MAE provides an intuitive measure of typical dollar error in the same units
as the underlying cost data, which allows analysts to quickly assess the magnitude of
deviations. MASE complements this by showing whether a model meaningfully
outperforms a simple baseline forecast, which enables comparisons across programs,
sites, and WBS levels. Used together, these metrics help analysts distinguish between
forecasts that are merely reasonable and those that provide demonstrable analytical

value.

These accuracy tests take the framework’s methods and models to implementation and
action. They give practitioners the information necessary to better understand the risks

and opportunities of making decisions using the projected costs. Now that our forecasts
are prepared, and quality is assessed, the next section covers our ability to present our

reading of the tea leaves in a digestible way to skeptics and supernaturalists alike.

4. Communication of Results

4.1. Accessibility

Sophisticated models and complex methodologies require transparent presentations to
garner buy-in from stakeholders. They also need to be easily accessible by
practitioners. Deeply encoded in scripts or multiple login screens are like debris in the

tea leaves to resource planners.

One way that we have broken down accessibility barriers is through hosting dashboards
on Personal Identity Verification (PIV) or smart card accessible servers. For example,
we use a Posit connect server for one client application. Through this single sign-on

option, we provide clients a simple link to access the application. This link can be

22



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

bookmarked just as any other website for quick access. The Posit connect server also

allows individual user controls to make security controls easy and flexible.

The dashboards hosted on the server give practitioners flexibility to run multiple
scenarios and dig deeper into underlying program trends without needing programming
skills. Dashboards can also communicate the methodology and assumptions to help

practitioners communicate results effectively.

4.2. Transparency

When we push dashboards from development to production, we ensure practitioners
are well equipped to interpret and communicate the outputs. Our framework strives for
transparency, and part of that transparency is documenting our methodology.

Across all forecasts described in this paper, the key assumption is that historical trends
will maintain their trajectory solely based on their historical spending patterns. Additional
factors may influence future resource needs, but they are not incorporated in the cost

forecasts.

Because forecasts are only based on historical data, users must add context to the
results, whether through their understanding of funding availability, future programmatic
changes, or other relevant indicators that may impact the reliability of the forecast. We
include as much of this information as possible in our dashboards and in our

documentation.

Our key assumption in our methodology will rarely have adverse implications for
consistently executed and scoped programs, however, because the best predictors for
these programs are their past costs and cost trends.

5.Conclusion

5.1. Justifiable Results Faster

Time series forecasts are driven by the program’s past, which will likely reflect its future.
The forecasts offer immediate perspectives on funding opportunities and risks to help

decision-makers plan and justify resources. Still, ongoing monitoring and improvements
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are important to ensure models do not become outdated or misrepresent historical
trends into the future.

One way to avoid stagnant models is to track model performance and adjust forecasting
methods based on changes in underlying patterns in the data. Another complementary
strategy is to establish feedback loops between users, program owners, and developers
on a regular cadence to adjust methods. Without these practices, budget analysts are
often left reading the cold tea leaves of last year’s budget requests to assess future

resource needs.

While forecasts are data-driven, when interpreting the results of forecasts, users should

reflect on their incompleteness, their limitations. Users should understand the programs

and their mission to avoid perpetuating the self-licking ice cream cone. Dig deeper into
historical costs and question whether trends match expectations. Consider activities that
are driving trends or if there are one-off expenses that are misdirecting trends and

forecasts.

Most importantly in this fiscal environment, consider iffwhen we should be doing things
more efficiently and affordably. We built a framework around forecasts that includes
other financial information and planning information to mitigate these shortfalls of time
series forecasts, but there is more in the tea leaves to be desired.

5.2. Next Steps

At the time of writing this paper, we are in the early stages of applying time series

analysis with clients, and we have identified a few areas to expand our analysis.

To start, we have identified options to increase the rigor of our methodology. For
example, we plan to test hybrid models with varying projection windows (Bell, Cronin,

Wells, 2025, applied a similar method for inflation projections), as well as multi-variable

10°S. Pete Worden, Deputy for Technology at the Strategic Defense Initiative Organization at the
Department of Defense, authored “On Self-Licking Ice Cream Cones” in 1992, reflecting on his
experience with the budget process at NASA.

.
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regression models. Regression models that incorporate future programmed dollars and
other independent variables may provide more precise and informed cost projections.

Second, we believe this method can be applied beyond operations programs with some
adjustments. We could apply additional transformation to models for applications with
programs or construction projects with distinct phases over their lifecycle. Models for
these phased programs and projects would have to consider ramp up and ramp down
periods driven by changes in scope over time (e.g. design phase followed by site prep
followed by construction and concluding with turnover to operations).

Lastly, as we build out complexity, we also strive to make interpretation and
communication easier. The first step for us in improving the efficiency of analysis is to
add flags and indicators to assist with reviewing outliers and measuring trends.
Indicators save analysts’ time by prioritizing problematic programs rather than looking at

everything all at once.

We are excited to evaluate how closely our forecasts align with actual costs and where
we still need to adapt. The further we can move our customers away from reading the
tea leaves to plan their resources, the more efficiently programs will be able to justify

and use their resources.
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