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Reading this working edition

Econometrics begins with a question about a measured world. This handbook develops the
mathematical tools needed to state that question, investigate it, and explain the conditions un‑
derwhichananswer follows. Concreteexamplesandpicturesaccompany fully explainedproofs
and independent Python, Julia, and R calculations.

This working edition contains three foundation chapters: economic questions, measurement,
and observation clocks. The fifteen‑lecture time‑series course is published separately at
ihelfrich.github.io/time‑series and keeps its own lecture numbering.

Four reading levels

○ Orientation begins with a concrete question and defines unfamiliar terms. Arithmetic and
pictures support a route for a reader whose mathematical training is still developing.

◇ Core develops the calculation, its assumptions, and its economic meaning. Later chapters
build the algebra, probability, calculus, and linear algebra they require.

◆ Theory gives precise definitions and complete proofs. Chapter 1’s finite identification argu‑
ment can be followed before advanced probability. Later technical passages add the spaces,
convergence, and identification conditions needed for doctoral work.

✦Workshop gives a bounded exercise or research investigation. Its status is explicit. Chapter
1’s workshop consists of worked practice in a controlled example, not new empirical findings or
open research problems.

The glyphs accompany text labels. They indicate a passage’s requirements and purpose, not a
reader’s ability. The introductory route retains the assumptions and meaning of a result even
when its more technical proof is deferred.

Claims and calculations

The first chapter supplies a question contract, exact finite calculations, a proof of the squared‑
error forecast rule, and proofs of nonidentification and the limits of estimation. The second
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supplies a measurement dictionary, proofs of the population projection and classical attenua‑
tion, a repeated‑reading correction with explicit restrictions, calibration failures, and denomi‑
nator/aggregation audits. The third builds an as‑of release ledger, proves prefix invariance, de‑
velops finite filtrations and adapted forecasts, proves the information‑gain identity, and sepa‑
rates input and target vintages. Direct section links name the definition or result being used.
The first two chapters use entirely controlled examples. The third adds a small attributed BEA
release‑history extract alongside separate controlledmodels; it does not fit a GDP nowcast. The
empirical Texas electricity dataset is separate and does not estimate the alert effect or validate
the controlled meter.

Python, Julia, and R independently reproduce the declared numerical quantities. Their agree‑
ment is a calculation check. Mathematical claims rely on the written proofs, and economic va‑
lidity relies on the stated model and design. Source, input manifest, native verification results,
and original figures accompany this edition.

Public practice includes complete worked answers. Live assessments, grading keys, instructor
scripts, generator truth, and held‑out graded continuation remain private.

Working edition, October 2026. © Ian Helfrich. All rights reserved. Authored text, code, and
figures remain author‑owned. Cited works are linked and not redistributed. Bundled font files
retain their included licenses.

Online handbook · Chapter 1 · Three‑language code
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Economic questions, useful predictions,
and interventions

○Orientation: The forecast meeting

A utility sends an alert when it expects a hot day. The alert asks customers to reduce electricity
use. Its records show higher peak demand on days with alerts. One analyst wants to use the
alert topredict tomorrow’sdemand. Anotherwants toknowwhether sendingmorealertswould
reduce demand. A manager needs to decide whether the reduction would cover the program’s
cost.

All three questions concern the same two columns. Each requires a different argument. An alert
may carry useful information about heat and still reduce the demand that heatwould otherwise
produce. The demand observed after an alert does not reveal the demand that the same day
would have had without it.

We will build a small economy in which every possibility can be written down. It is a controlled
example, with invented numbers and knownmechanisms. The observed Texas electricity case
uses actual provider data for forecasting; this chapter does not estimate an alert effect from
those data.

Our example has six possible kinds of day. Working with six makes the reasoning inspectable.
The central difficulty will survive when the number of recorded days grows.

○Orientation: What would count as an answer?

An observation is a recorded value, such as a day’s peak demand. A population is the collec‑
tion of days or units the question concerns. A target is the quantity wewant to learn about that
population. A target stated mathematically is often called an estimand. An estimator is a cal‑
culation that uses recorded observations to estimate it. An estimate is the number produced
by that calculation.

Suppose tomorrow’s alert is known before the demand forecast is made. A forecasting ques‑
tion asks for average demand among days with that alert status. An intervention question asks
how demand would change if we assigned the alert status, keeping the day and the specified
background conditions comparable. A decision question adds costs, benefits, constraints, and
whose interests count.
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Before calculating, write a short question contract:

Item Forecast Intervention

Population Days served by this utility
under the current alert rule

Those same days under an
assigned alert rule

Outcome Daily peak load, measured in
megawatts (MW)

The same peak‑loadmeasure

Target Average load given the
available alert status

Average load if an alert is
assigned, compared with no
alert

Information The issued alert; load has not
yet occurred

An explicit model or design
for assigning the alert

Horizon Tomorrow’s daily peak The daily peak following the
assigned alert

Error or value Squared forecast error, in
MW²

A specified value of avoided
peak load, less program cost

Permissible claim A prediction under the stated
information and population

A response under the stated
intervention and
assumptions

The outcome definition needs care. Power, measured in MW, is a rate of energy use. Energy,
measured in megawatt‑hours, accumulates over time. The same distinction appears between
water flowing through a tap and water accumulated in a tank: the flow rate and the accumu‑
lated quantity answer different questions. A day’s peak power does not give its total energy use.
We will keep MW throughout the load calculations. The unit check deliberately converts MW to
kilowatts and shows why squared error scales by a million.

The contract also records when information becomes available. An alert known after the peak
cannot serve as an input to tomorrow’s forecast. The time‑series chapter’s reference‑time and
release‑time distinction explains this timing issue in detail. Here the alert is available before‑
hand by construction.

○Orientation: Six possible days

Let 𝑈 indicate an unrecorded heat condition: 𝑈 = 0 for an ordinary day and 𝑈 = 1 for a hot
day. Each has probability one half. Let𝑉 be a demand shock, in MW, taking values−1, 0, and 1
withequalprobability. Weassumetheheat conditionandshockare independent: knowingone
does not change the probabilities of the other. Every pair in the table therefore has probability
(1/2)(1/3) = 1/6.
Let𝐴 indicate the alert: zeromeans no alert andonemeans an alert. The current rule is𝐴 = 𝑈 .
In this example the utility’s internal heat condition is absent from the analyst’s records. The
analyst sees only𝐴 and peak load 𝑌 .
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Day type
Heat

condition𝑈 Shock 𝑉 , MW Alert𝐴
Observed

load 𝑌 , MW Probability

1 0 −1 0 9 1/6
2 0 0 0 10 1/6
3 0 1 0 11 1/6
4 1 −1 1 11 1/6
5 1 0 1 12 1/6
6 1 1 1 13 1/6

These rows list possibilities and their probabilities. They are not six sampled observations. A
randomly recorded sequence of days could contain one type repeatedly and omit another. Enu‑
meration gives exact population calculations for this declaredmodel; it does not eliminate sam‑
pling uncertainty in an empirical study.
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Figure 1: The first panel is common to every mechanism below. The second panel compares
population averages under assigned alert status; each line uses the same distribution
of heat conditions and shocks. The line labels give the intervention effect in MW. The
intervention calculation explains each endpoint.
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◇ Core: Averages with stated information

Write 𝑝𝑖 for the probability of day type 𝑖 and 𝑦𝑖 for its load. The symbol ∑ means “add the
following terms over the listed day types.” The expectation of load is the probability‑weighted
average:

𝐸[𝑌 ] =
6

∑
𝑖=1

𝑝𝑖𝑦𝑖 = 9 + 10 + 11 + 11 + 12 + 13
6 = 11MW.

The square brackets identify the quantity being averaged. They do not mean that a sampled
average must equal eleven.

To condition on an alert, retain the three alert‑day possibilities and give themprobabilities that
add to one. Their original probabilities add to 3/6 = 1/2. Each retained probability becomes
(1/6)/(1/2) = 1/3. Thus

𝐸[𝑌 ∣ 𝐴 = 0] = 9 + 10 + 11
3 = 10, 𝐸[𝑌 ∣ 𝐴 = 1] = 11 + 12 + 13

3 = 12.

The vertical barmeans “given.” The difference of these conditional averages is12−10 = 2MW.
It describes two groups of days selected by the existing alert rule. We have not yet calculated
what changing that rule would do.

The rule 𝑚(𝐴) = 10 + 2𝐴 gives the correct conditional average for either alert status. The
letter 𝑚 names a function: insert zero to obtain ten, or one to obtain twelve. Its error is 𝑌 −
𝑚(𝐴) = 𝑉 , so the error takes values −1, 0, and 1 equally often in each group. The mean
squared error, or MSE, is the average squared error:

𝐸[(𝑌 − 𝑚(𝐴))2] = (−1)2 + 02 + 12

3 = 2
3 MW2.

Themodel contains unpredictable variation evenwhen its conditional average is known exactly.
Prediction accuracy concerns the declared information and loss; it does not establish an inter‑
vention effect.

◇ Core: Why the conditional averageminimizes squared error

Result 1. Within this six‑daymodel, among all forecasts that use only𝐴, the function𝑚(𝐴) =
𝐸[𝑌 ∣ 𝐴] uniquely minimizes populationmean squared error. Both alert groups have positive
probability, so uniqueness applies to each of the two forecast values.

The proof has five steps and uses no calculus.
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1. Fix the information. Choose an alert value 𝑎, either zero or one, and let 𝑞 be a proposed
forecast for that group. Write𝑚𝑎 for its conditional average: 𝑚0 = 10 and𝑚1 = 12, as
established in the finite‑average calculation. Add and subtract𝑚𝑎:

𝑌 − 𝑞 = (𝑌 − 𝑚𝑎) + (𝑚𝑎 − 𝑞).

2. Expand the squared error. Multiplying (𝑟 + 𝑠)(𝑟 + 𝑠) gives (𝑟 + 𝑠)2 = 𝑟2 + 2𝑟𝑠 + 𝑠2.
Apply that identity to the two terms above, then average within the group:

𝐸[(𝑌 − 𝑞)2 ∣ 𝐴 = 𝑎] = 𝐸[(𝑌 − 𝑚𝑎)2 ∣ 𝐴 = 𝑎]
+ 2(𝑚𝑎 − 𝑞)𝐸[𝑌 − 𝑚𝑎 ∣ 𝐴 = 𝑎] + (𝑚𝑎 − 𝑞)2.

Constants can be taken outside a finite weighted sum because each term contains the
same factor.

3. Remove the cross term. By the definition of𝑚𝑎, the average deviation from it is zero:

𝐸[𝑌 − 𝑚𝑎 ∣ 𝐴 = 𝑎] = 𝐸[𝑌 ∣ 𝐴 = 𝑎] − 𝑚𝑎 = 0.

The middle term in step 2 therefore vanishes. Using the residual average square calcu‑
lated in Averages with stated information leaves

𝐸[(𝑌 − 𝑞)2 ∣ 𝐴 = 𝑎] = 2
3 + (𝑚𝑎 − 𝑞)2.

4. Locate theminimumwithin thegroup. The first term is the irreducible error. The second
is a square, which is nonnegative and equals zero exactly when 𝑞 = 𝑚𝑎. This proves the
claim within either alert group.

5. Average across groups. For an arbitrary two‑value forecast 𝑔, weight the two group er‑
rors by their probabilities of one half:

𝐸[(𝑌 − 𝑔(𝐴))2] = 2
3 + 1

2(10 − 𝑔(0))2 + 1
2(12 − 𝑔(1))2.

Both extra terms must vanish to attain 2/3. A constant eleven‑MW forecast pays an extra
(1/2)(1)2 + (1/2)(−1)2 = 1MW², giving MSE 5/3.

The alert is useful for this prediction. The proof has said nothing about the consequence of
assigning one.

Every average here is finite and has positive conditioning probability. For an unrestricted ran‑
dom outcome, the corresponding squared‑error argument requires a finite second moment.
The existing course’s conditional‑forecast proof gives the general version; the calculation above
supplies its finite foundation.
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◇ Core: Several mechanisms, identical observations

We now specify how load responds to an alert and a heat condition. A structural equation
describes that response together with the rule generating the alert. Consider the following fam‑
ily:

𝐴 = 𝑈, 𝑌 = 10 + 𝑏𝐴 + (2 − 𝑏)𝑈 + 𝑉 , −2 ≤ 𝑏 ≤ 2.

The parameter 𝑏 measures the load response, in MW, to changing 𝐴 from zero to one while
keeping 𝑈 and 𝑉 fixed. The coefficient 2 − 𝑏 measures the heat contribution in this family.
The parameter range is part of the example’smodel class; it is not a confidence interval inferred
from observations. It keeps all of the assigned‑alert loads positive in our six day types.

The family keeps the following assumptions explicit:

• The current operating rule is𝐴 = 𝑈 .
• The six background states and their probabilities are the ones in Six possible days, includ‑
ing independence of heat and the shock.

• The loadequation applies across both assignedalert values. Assignment doesnot change
the background distribution or add another causal pathway.

• The model class permits−2 ≤ 𝑏 ≤ 2. The data do not supply that restriction.
Substitute𝐴 = 𝑈 into the load equation:

𝑌 = 10 + 𝑏𝑈 + (2 − 𝑏)𝑈 + 𝑉 = 10 + {𝑏 + (2 − 𝑏)}𝑈 + 𝑉 = 10 + 2𝑈 + 𝑉 .

The first equality uses the alert rule. The second collects terms multiplying the same heat indi‑
cator. The third uses 𝑏 + 2 − 𝑏 = 2. The resulting observed equation contains no 𝑏.
This cancellation holds separately for every row, not merely for an average or correlation.
Changing 𝑏 leaves every observed pair (𝐴, 𝑌 ) unchanged. Since each row also retains proba‑
bility 1/6, the entire observable probability distribution is unchanged. Such mechanisms are
observationally equivalent for these records.

In a world with 𝑏 = −2, the alert reduces load by two MW while the heat contribution is four
MW. With 𝑏 = 0, the alert has no effect and heat contributes two MW. With 𝑏 = 2, the alert
increases load by two MW and the direct heat contribution in this simple equation is zero. All
three worlds produce the table in Six possible days.

The example establishes a logical possibility. It does not claim that the third mechanism de‑
scribes any particular utility or that real demand has this simple form. Restrictions excluding a
mechanismmust have a substantive or design justification. An observed alert–load association
alone cannot provide it.
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◇ Core: Assigning the alert

An intervention replaces the rule generating the variable being assigned. For do(𝐴 = 𝑎), re‑
place 𝐴 = 𝑈 by 𝐴 = 𝑎. Keep the load equation, the six heat–shock possibilities, and their
probabilities fixed. This definition specifies what remains comparable across the two assign‑
ments. It assumes that the assignment itself has no additional effect outside the stated equa‑
tion.

Under that intervention the load of a day with condition 𝑢 and shock 𝑣 is

𝑌 (𝑎; 𝑢, 𝑣) = 10 + 𝑏𝑎 + (2 − 𝑏)𝑢 + 𝑣.

The notation before the semicolon gives the assigned alert; the notation after it identifies the
same background day. For each day,

𝑌 (1; 𝑢, 𝑣) − 𝑌 (0; 𝑢, 𝑣) = [10 + 𝑏 + (2 − 𝑏)𝑢 + 𝑣] − [10 + (2 − 𝑏)𝑢 + 𝑣] = 𝑏.

All shared terms cancel. The difference is the same across the six types because this model
assumesa constant alert response. Averaginga constant leaves it unchanged, so thepopulation
intervention effect is also 𝑏.
To calculate the two intervention levels, use𝐸[𝑈] = 1/2 and𝐸[𝑉 ] = (−1 + 0 + 1)/3 = 0.
Linearity follows by distributing and regrouping their finite weighted sums:

𝐸[𝑌 ∣ do(𝐴 = 𝑎)] = 10 + 𝑏𝑎 + (2 − 𝑏)1
2 + 0 = 11 + 𝑏 (𝑎 − 1

2) .

Mechanism
Assigned no

alert, MW
Assigned alert,

MW
Intervention

difference, MW
Observed group
difference, MW

𝑏 = −2 12 10 −2 2
𝑏 = 0 11 11 0 2
𝑏 = 2 10 12 2 2

Conditioning on 𝐴 = 1 selects only hot days under the old rule. Assigning 𝐴 = 1 retains
both ordinary and hot days in the population. That change in which backgrounds are being
compared explains the different answers. The finite‑average calculation and the intervention
definition together identify exactly where the two operations diverge.

The intervention convention is established causal‑inference machinery. Pearl, Glymour, and
Jewell’s Causal Inference in Statistics: A Primer, §3.1, printed pp. 53–55 explains equation re‑
placement and conditioning; our finite utility example and calculations are authored here. The
chapter links to their text and does not redistribute it.
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The assignment experiment lets you choose amechanism, predict the direction of the compari‑
son, and then inspect the twomeans and all six day types. Change the mechanism and explain
why the observed comparison stays fixed. The table above andworked exercise 1 give the same
investigation in print.

○Orientation: A warning as information and an action

A sensor warning offers a useful connection outside economics. Suppose amachine has a high‑
heat state 𝑈 and a display records it as 𝐴 = 𝑈 . If the display is isolated from the machine’s
thermal process and nobody changes the machine in response to it, changing only the display
has no effect on the machine’s temperature. That claim depends on the stated isolation and
absence of feedback. It does not follow from an association between the display and tempera‑
ture.

The sensor and utility examples share the assignment relation 𝐴 = 𝑈 . In both, observing the
warning selects a background state. The utility alert also asks people to act, so the load equa‑
tion allows a response to 𝐴. Replacing the display in the isolated sensor example and sending
a demand‑response alert therefore require different substantive restrictions, even though their
observational calculations have the same form. The equation‑replacement definition in Assign‑
ing the alert identifies the common mathematical operation and the mechanism that must be
specified separately.

A second connection concerns dynamics. Consider a specified physical relaxation model in
which a fixed fraction 𝜙, with 0 < 𝜙 < 1, of a deviation from a fixed reference temper‑
ature remains after each equal sampling interval. Its gap satisfies 𝑥𝑘+1 = 𝜙𝑥𝑘. Repeated
substitution gives 𝑥𝑘 = 𝜙𝑘𝑥0: each interval multiplies the previous gap by the same fraction.
These assumptions exclude changing reference temperatures and multiple interacting relax‑
ation modes. The course’s difference‑equation derivation applies the same multiplication rule
to an economic deviation and then accounts for additional disturbances. Economic persistence
needs its own interval, disturbancemodel, and interpretation; the shared recursion alone does
not establish a thermal explanation for an economic series.

◆ Theory: What the records cannot identify

Definition. A target is identified in a model class if every mechanism in that class yielding the
sameobservabledistributiongives thesametarget value. Thephrase “inamodel class”matters:
observations and restrictions jointly determine identification.

Result 2. In the family−2 ≤ 𝑏 ≤ 2 specified in Several mechanisms, the alert’s population in‑
tervention effect is not identified from (𝐴, 𝑌 ). Its identified set is the entire interval [−2, 2].
Proof. The row‑by‑row substitution in Several mechanisms proves that every allowed 𝑏 gives
the same observable distribution. The paired intervention calculation in Assigning the alert
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proves that the target equals 𝑏. Every value in the allowed interval is therefore compatible with
the records, and no value outside it is admitted by this model class. Those two facts establish
the identified set. In particular, the effects −2 and 2 disagree despite identical observations.
This violates the definition of point identification.

Result 3. Under independent sampling of days from this same observational distribution, no
estimator using only those records can consistently estimate 𝑏 for everymechanism in this fam‑
ily.

“Independent sampling” means each draw has the six probabilities and learning one day’s
type does not change another’s probabilities. “Consistently” means that, as the number 𝑛 of
recorded days grows, the probability of an estimation error larger than any specified positive
tolerance approaches zero. Let 𝑇𝑛 denote the estimator, including any internal randomness
independent of the data and having the same distribution in every mechanism.

Proof. Consider the worlds 𝑏 = −2 and 𝑏 = 2. They give identical distributions for one
observed day. Under the stated sampling rule they give identical distributions for every
𝑛‑day dataset, because the probability of a particular sequence is the product of the same
per‑day probabilities. Applying the same estimator with the same independent randomization
preserves equality of output distributions. Call that shared distribution𝑄𝑛.

Take the tolerance to be one MW. Consistency in the first world would require

𝑄𝑛{|𝑇𝑛 + 2| < 1} ⟶ 1.

Consistency in the second would require

𝑄𝑛{|𝑇𝑛 − 2| < 1} ⟶ 1.

The braces specify events, or sets of possible estimator outputs. The first requires−3 < 𝑇𝑛 <
−1; the second requires 1 < 𝑇𝑛 < 3. These intervals are disjoint. For every 𝑛, the probabili‑
ties of disjoint events add, and their sum is at most one. They cannot both approach one, since
their sumwould then approach two. This contradiction proves the result.

The proof concerns a declared sampling and model class. A new experiment, additional de‑
fensible restrictions, or new observations of relevant mechanisms can change the class or the
available information. More records drawn from the unchanged observational process improve
knowledge of that process; they do not distinguish the two worlds used in the proof.

Merely recording 𝑈 also fails to supply the missing comparison here. Within 𝑈 = 0, the old
rule always gives 𝐴 = 0; within 𝑈 = 1, it always gives 𝐴 = 1. The other alert status has
probability zero in each stratum. A conditional average for that absent status is not available
from this design. This is a failure of overlap, the availability of both comparison conditions in
the relevant population strata.
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◇ Core: A design that supplies themissing comparison

Consider a controlled experiment in which a fair, independent coin assigns 𝐴. Keep the heat
and shock probabilities and the load equation fixed. Each of the twelve triples (𝐴, 𝑈, 𝑉 ) now
has probability 1/12.
For either assigned alert status, the two heat conditions remain equally likely and the three
shocks retain their original probabilities. Thus

𝐸[𝑌 ∣ 𝐴 = 𝑎] = 10 + 𝑏𝑎 + (2 − 𝑏)𝐸[𝑈 ∣ 𝐴 = 𝑎] + 𝐸[𝑉 ∣ 𝐴 = 𝑎] = 11 + 𝑏 (𝑎 − 1
2) .

The first equality averages the specified load equation. The second uses independence of the
randomized alert from both background variables, giving conditional averages 1/2 and zero.
Subtracting the average at 𝑎 = 0 from the one at 𝑎 = 1 leaves 𝑏. Both groups have positive
probability. The experimental comparison therefore identifies the effect in this model.

Random assignment supplies comparable background distributions; maintaining the same
load equation supplies the link to the intervention target. Real experiments must also define
the treatment, handle noncompliance and missing outcomes, and consider interference
between units. An alert sent to one region may affect neighboring demand. Those questions
need an expandedmodel and are not resolved by this twelve‑state demonstration.

Hernán and Robins’s Causal Inference: What If, chapters 1–3 develops causal effects, random‑
ized experiments, and observational studies through potential outcomes. Its framework gives
another precise way to state the comparisons used here. The chapter source register records
the particular sections, use, and reading scope of both references.

◇ Core: A prediction and a recommendation

Suppose a planner values an expected one‑MW reduction in the daily peak at 𝑣 dollars and pays
𝑐 dollars to issue an alert. Under a deliberately simple linear valuation, the incremental net
benefit is

𝑁(𝑏) = 𝑣{𝐸[𝑌 (0)] − 𝐸[𝑌 (1)]} − 𝑐 = −𝑣𝑏 − 𝑐.

The braces contain a reduction, so its sign is the negative of the load effect 𝑏. Let 𝑣 = 1,000
dollars per MW of daily peak reduction and 𝑐 = 500 dollars per day. Then 𝑁(−2) = 1,500,
𝑁(0) = −500, and 𝑁(2) = −2,500 dollars per day. The same observed distribution is
compatible with a profitable alert program and an unprofitable one under this valuation.
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This calculation is a stated decision rule, not a complete welfare analysis. A utility’s avoided
capacity cost, customer inconvenience, distributional effects, and system reliability need their
own quantities. Even a causal peak‑load estimate would not by itself settle those choices.

For the current forecasting task, the conditional‑average forecast remains valid in all three
worlds. For the intervention decision, the records leave the sign unresolved. A professional
memo should preserve both conclusions. It can recommend the forecast for the defined
information set while explaining what evidence the alert decision still needs.

◇ Core: One declared calculation in three languages

The six‑state input file contains heat, shock, and an integer probability weight. The six weights
add to six; dividing each by that sum produces the probabilities used above. It contains no
empirical utility observations. Its input manifest records the schema, units, generator, and file
hash.

Independent Python, Julia, and R programs enumerate the same states. Each calculates the
observed row values, conditional means, squared‑error decomposition, assigned‑alert means,
randomized‑design means, and decision value. The implementation also evaluates 𝑏 = −1
and 𝑏 = 1 between the three plotted mechanisms. Those five values are numerical checks
within the continuous family; the algebraic proof covers the full interval.

For example, the Python operation for an assigned alert is 10 + b*a + (2-b)*u + v. The
Julia and R versions implement their own enumeration andweighting. None reads another lan‑
guage’s output as its answer. The verification program runs the three programs, compares their
results, and checks independent analytic targets and row invariants. The checked results iden‑
tify the actual native runtimes. This is computational verification of specified finite calculations.
The mathematical proof is the separate argument in Results 2 and 3.

Converting load fromMWtokWmultiplies each loadand forecast errorby1,000. Squaringgives
1,0002 = 1,000,000, so forecast MSE becomes (2/3) × 1,000,000 kW². The intervention
difference becomes 1,000𝑏 kW. A reportedMSE that rises only a thousandfold hasmixed up the
unit of an error with the unit of its square. Each program checks this conversion explicitly.

The execution guide gives commands and the scope of the checks. These are native programs;
the page does not execute Python, Julia, or R in the browser.

✦Workshop: Diagnose and repair a claim

The following are worked exercises for this chapter’s controlled model. They are not claims of
new research results. Write your argument before reading the solutions.
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1. A mechanism between the plotted cases. Set 𝑏 = −1. Calculate the observed group
difference and the twoassigned‑alertmeans. Does apositive observeddifference rule out
a load‑reducing alert?

Solution. The observed equation is still 𝑌 = 10 + 2𝑈 + 𝑉 , so the group difference
remains two MW. The formula in Assigning the alert gives 11 + (−1)(0 − 1/2) = 11.5
MWwithout the assigned alert and 11 + (−1)(1 − 1/2) = 10.5MWwith it. The effect
is−1MW. Thus the observed two‑MWdifference coexists with a one‑MW reduction under
intervention.

2. A less useful forecast. A forecast reports nine MW when 𝐴 = 0 and thirteen MW when
𝐴 = 1. Calculate its MSE without listing all six squared errors.

Solution. Use the decomposition proved in Result 1. Its extra error is (1/2)(10 − 9)2 +
(1/2)(12 − 13)2 = 1 MW². Adding the unavoidable 2/3 gives 5/3 MW². This equals
the error of the constant eleven‑MW forecast despite using the alert. Using an informative
variable does not guarantee that a particular forecasting rule uses it well.

3. A proposed statistical repair. An analyst obtains the previously unrecorded heat indica‑
tor and proposes comparing alert and non‑alert days within each heat category. Which
needed cells are absent?

Solution. Under 𝐴 = 𝑈 , the pair (𝑈 = 0, 𝐴 = 1) never occurs and the pair (𝑈 =
1, 𝐴 = 0) never occurs. The proposed comparisons require averages in these zero‑
probability cells. The overlap discussion explains why measuring a variable and having
variation conditional on it are separate requirements. The independent assignment in A
new design supplies all four heat–alert combinations.

4. A decision threshold. Under the linear valuation 𝑣 = 1,000 and 𝑐 = 500, which values
of 𝑏 give positive net benefit? Is that condition identified from the old records?

Solution. Solve −1,000𝑏 − 500 > 0: add five hundred to both sides to obtain
−1,000𝑏 > 500, then divide by a negative number, reversing the inequality, to get
𝑏 < −0.5. The identified set [−2, 2] contains values on both sides of this threshold.
The sign of net benefit therefore remains unresolved under the stated model class and
valuation.

5. A stronger statement than the evidence allows. Rewrite “alerts increase demand by
two MW, so cancel them.” Include the useful finding and the unanswered question.

Solution. “Under the existing alert rule, alert days have two MW higher mean peak load.
The alert improves a conditional‑average forecast in the six‑state model. These records
do not identify the load response to assigning an alert; the defined model class admits
effects from −2 to 2 MW. An alert recommendation requires an assignment design or jus‑
tified restrictions, together with the cost and benefit model.”
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○Orientation: The professional handoff

Ashortmemocanstate thequestion, the result, its scope, and thenext evidenceneededwithout
burying the distinction in technical language:

The alert is useful for predicting daily peak demand under the current operating
rule. In the controlledmodel,meanpeak load is tenMWwithout an alert and twelve
MW with an alert, and the conditional‑average forecast has mean squared error of
two thirds MW². The same records are compatible with alerts reducing, preserving,
or increasing demand. They therefore donot support a recommendation to expand
or cancel the alert program. A comparable assignment designwould address the in‑
terventionquestion. Programcosts and the value of avoided loadmust be assessed
separately.

Attach the question contract, the input manifest, and the calculation checks. Link the claim
about forecast accuracy to Result 1, the identification limit to Results 2 and 3, and the proposed
assignmentdesign to its explicit conditions. Thismakes thememo traceable for both amanager
and another analyst.

The same discipline will recur when an area‑level quantity is used to make a claim about a per‑
son, a noisy score is used to measure a skill, or a forecast is used to choose a policy. First name
the economic object and the comparison. Then establish what the observations and assump‑
tions allow us to learn.
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Assignment comparison

The online experiment asks for a prediction before revealing assigned‑alertmeans. These static
comparisons use the same six background states under each assignment. The observed group
means remain 10 and 12 MW throughout.

Effect b, MW
Assigned no alert,
MW Assigned alert, MW Paired effect, MW

‑2 12 10 ‑2
‑1 11.5 10.5 ‑1
0 11 11 0
1 10.5 11.5 1
2 10 12 2

Conditioning selects the background types under the existing rule; assignment retains the com‑
mon background distribution. The intervention proof explains why those operations answer
different questions.
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Constructing ameasured world

○Orientation: A reading is the end of a process

A facility manager wants to understand the relation between electricity use and the daily bill. A
meter supplies a number. An accounting system supplies another. Joining the two files looks
straightforward until someone asks what each rowmeans.

Does electricity usemean energy consumed over the whole day, average power during an hour,
or the largest instantaneous load? Does thebill includea fixed charge? Doboth recordsdescribe
the same facility and interval? Was the meter calibrated before the readings were collected? A
regression cannot settle these questions for us. They determine which regression would have a
useful interpretation.

Ameasurement map follows a concept into a recorded field. Begin with the object from chap‑
ter 1’s question contract, then specify the operation that makes it observable. For daily energy
use, the map might be: define the facility boundary; accumulate energy between two meter
readings; align the start and end times; convert the unit; record anymissing interval; attach the
facility identifier. Every operation can change the object represented by the final number.

The distinction matters beyond meters. Annual income may refer to a person or household,
before or after tax, and to earnings or all receipts. A skill score represents performance on a
specified set of tasks under specified conditions. A temperature field represents a sensor, a
location, an averaging interval, and a unit. A network degree counts connections among the
nodes retained in a particular graph. The column name alone does not define the quantity.

For each recorded field, write down:

• Concept and operation: what is being measured, and how is the value produced?
• Unit and support: what does one numerical unit mean, and which person, place, or in‑
terval does the row describe?

• Coverage: whichmembers of the target population enter the numerator and any denom‑
inator?

• Timing: which interval is described, when was the value available, and can it be revised?
• Validation evidence: what comparison or calibration would support the intended inter‑
pretation?

These are substantive choices. If the question concerns access to a service, counting buildings
with a connection may miss whether occupants can afford to use it. The recorded field can be
reproducible and still answer a narrower question.
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Reliability concerns the stability of a measurement under specified repetitions. Validity con‑
cerns whether themeasurement supports its intended interpretation. An incorrectly calibrated
instrument can repeat the samewrong value. An AI systemcan assign the same label every time
while its labelsmeasure writing style rather than the economic construct of interest. Repetition
gives evidence about stability; a defensible interpretation also needs a measurement map and
a relevant external comparison.

○Orientation: Power, energy, and an axis label

Think of water flowing into a tank. The flow rate describes how quickly water enters. The ac‑
cumulated water describes howmuch has arrived. Electrical power and energy have the same
rate‑versus‑accumulation relationship: power describes energy per unit time; energy accumu‑
lates power over an interval. The connection ismathematical. Ameter’s engineering limitations
still require their own evidence.

If power remains at 2 MW for three hours, the energy consumed is 6 MWh. More generally,
piecewise‑constant power readings𝑃𝑗 over intervals of lengthΔ𝑡𝑗 give

𝐸 = ∑
𝑗

𝑃𝑗Δ𝑡𝑗.

Here 𝑃𝑗 is in MW, each Δ𝑡𝑗 is in hours, and 𝐸 is in MWh. This expression is exact for the de‑
clared piecewise‑constant path; using intermittent readings to approximate an unknown path
introduces an additional approximation. Unequal intervals require their actual lengths. Adding
power readings without their intervals does not produce an energy total.

The NIST SI definitions, §2.3.4, Table 4 distinguish the joule as energy and the watt as joules per
second. Since an hour contains 3,600 seconds,

1MWh = 106 J
s

× 3,600 s = 3.6 × 109 J.

The peak‑load outcome in chapter 1’s utility example is power in MW. This chapter’smetermea‑
sures daily energy in MWh. They describe different objects. Dividing a day’s energy by its dura‑
tion gives average power; it does not recover the day’s peak.

ChangingMWh to kWhmultiplies an energynumber by 1,000. A bill remains the sameamount of
money. Its coefficient in dollars per kWhmust therefore be one‑thousandth of its coefficient in
dollars perMWh. Wewill check that transformation in each implementation rather than trusting
a changed axis label.
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◇ Core: A controlledmeter and billing system

We can seemeasurement error clearly in a small world where the underlying quantity is known.
This is an authored teaching model, not an observed tariff, a test of actual meter accuracy, or a
causal estimate from utility data.

Let 𝑋 be true daily energy use at a facility, in MWh. It takes values 8 and 12 with equal prob‑
ability. Let 𝑍1 and 𝑍2 independently take values −1, 0, 1, each with probability 1/3. Let 𝜀,
independently of all three, take values −20 and 20 dollars with equal probability. Crossing
these choices gives 36 equally likely states.

The bill 𝑌 and two recordedmeter readings𝑀1, 𝑀2 are

𝑌 = 30 + 50𝑋 + 𝜀,
𝑀1 = 𝑋 + 𝜅(𝑋 − 10) + ℎ𝑍1,
𝑀2 = 𝑋 + 𝜅(𝑋 − 10) + ℎ𝑍2.

The fixed charge is 30 dollars. The constructed energy charge is 50 dollars per MWh. The pertur‑
bation 𝜀 is in dollars. The noise amplitude ℎ is in MWh; 𝑍1, 𝑍2 and the calibration parameter
𝜅 are dimensionless. The 10 inside the meter equation denotes 10 MWh. Each addition has
compatible units.

When 𝜅 = 0, a reading is true use plus independent, mean‑zero noise. When 𝜅 = −1/2,
the reading’s distance from 10MWh is compressed by half before randomnoise is added. When
𝜅 = −2, that distance is reversed. The latter is a deliberately broken calibration, useful for
testing a claimabout the direction of bias. Bothmeters share the same calibration in thismodel,
while their random noise components are independent.

At the baseline ℎ = 2 and 𝜅 = 0, the first meter’s six signal/noise combinations are:

True use𝑋, MWh Noise ℎ𝑍1, MWh
Recorded use𝑀1,
MWh

Mean bill at this true
use, dollars

8 −2 6 430
8 0 8 430
8 2 10 430
12 −2 10 630
12 0 12 630
12 2 14 630

Each row has probability 1/6 after averaging over the second meter and billing perturbation.
The actual bill in a state is 20 dollars belowor above thedisplayedmean. These rows enumerate
possibilities; they are not six sampled observations.
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True use has mean 10 MWh and variance 4 MWh2. The baseline meter noise has variance
8/3MWh2. A reading of 10 MWh can come from low use with a positive error or high use with a
negative error. The record does not distinguish those backgrounds.
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Figure 1: The first panel compares the perfect‑reading relation with the population linear pro‑
jection using noisy readings. Points represent the two possible bills for each of the
six signal/noise combinations. The second panel holds energy and the true customer
population fixed while the recorded denominator changes. Both panels describe con‑
trolled examples.
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◇ Core: How a line summarizes co‑movement

For a finite population with state probabilities 𝑝𝑖, the mean is the weighted sum 𝐸[𝐴] =
∑𝑖 𝑝𝑖𝐴𝑖. The probabilities sum to one. Chapter 1 develops this operation in its finite‑average
calculation. The variance of𝐴 and the covariance of𝐴with𝐵 are

Var(𝐴) = 𝐸[(𝐴 − 𝐸[𝐴])2],
Cov(𝐴, 𝐵) = 𝐸[(𝐴 − 𝐸[𝐴])(𝐵 − 𝐸[𝐵])].

Variance averages squared distances from a mean. Covariance averages products of two cen‑
tered distances. It is positive when above‑mean values of one quantity tend to accompany
above‑mean values of the other. Covariance has the product of the two variables’ units; it is
not a unit‑free correlation.

The population linear projection chooses an intercept𝑎 and slope 𝑏 tominimize𝐸[(𝑌 − 𝑎 −
𝑏𝑀)2]. It is the best line for that population and squared loss. When Var(𝑀) > 0, its coeffi‑
cients are

𝑏𝑀 = Cov(𝑀, 𝑌 )
Var(𝑀) , 𝑎𝑀 = 𝐸[𝑌 ] − 𝑏𝑀𝐸[𝑀].

Here is a direct proof without an optimization routine.

1. Define centered variables 𝑀𝑐 = 𝑀 − 𝐸[𝑀] and 𝑌𝑐 = 𝑌 − 𝐸[𝑌 ]. For a fixed slope 𝑏,
write the error as𝑌𝑐 −𝑏𝑀𝑐 +𝑑, where𝑑 = 𝐸[𝑌 ]−𝑎−𝑏𝐸[𝑀]. The centered part has
mean zero. Itsmean squared error is therefore𝐸[(𝑌𝑐 − 𝑏𝑀𝑐)2] + 𝑑2. It is minimized by
𝑑 = 0, giving 𝑎 = 𝐸[𝑌 ] − 𝑏𝐸[𝑀].

2. Expand the remaining square using the variance and covariance definitions:

𝐸[(𝑌𝑐 − 𝑏𝑀𝑐)2] = Var(𝑌 ) − 2𝑏 Cov(𝑀, 𝑌 ) + 𝑏2 Var(𝑀).

3. Complete the square in 𝑏. The same expression becomes

Var(𝑌 ) − Cov(𝑀, 𝑌 )2

Var(𝑀) + Var(𝑀) (𝑏 − Cov(𝑀, 𝑌 )
Var(𝑀) )

2
.

The first two terms do not depend on 𝑏. The last term is nonnegative and vanishes only
at the stated slope because Var(𝑀) > 0. This proves the unique minimizing line and its
risk.
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If every reading is identical, the variance is zero. Dividingby it is undefined: a line’s intercept and
slope cannot be separated using a constant regressor. Only their fitted value at the observed
reading matters.

This best‑line result also holds for nonfinite populations with finite second moments. The al‑
gebra uses expectations of products, not the number of states. It does not assert that the true
conditionalmean is a line, that a finite‑sample slope is unbiased, or that a causal effect has been
identified.

◆ Theory: Why classical error flattens this slope

Consider the general scalar model 𝑌 = 𝛼 + 𝛽𝑋 + 𝜀, observed through 𝑀 = 𝑋 + 𝑊 .
Assume:

• 𝑋, 𝑊, 𝜀 have finite secondmoments, and Var(𝑋) > 0.
• 𝐸[𝑊] = 𝐸[𝜀] = 0.
• Cov(𝑋, 𝑊) = Cov(𝑋, 𝜀) = Cov(𝑊, 𝜀) = 0.

Independenceof the three components is sufficient for the covariance restrictions, but theproof
only needs those restrictions. These assumptions describe a particular additive error model.
They are not establishedmerely because a recorded variable looks noisy.

1. Expand the numerator in the projection slope. Covariance is linear in each argument, as
follows by expanding its centered‑product definition:

Cov(𝑀, 𝑌 ) = Cov(𝑋 + 𝑊, 𝛼 + 𝛽𝑋 + 𝜀)
= 𝛽 Var(𝑋) + 𝛽 Cov(𝑊, 𝑋) + Cov(𝑋, 𝜀) + Cov(𝑊, 𝜀)
= 𝛽 Var(𝑋).

A constant has zero covariance. The three other terms vanish by the listed restrictions.

2. Expand the denominator. Using 𝑀 − 𝐸[𝑀] = (𝑋 − 𝐸[𝑋]) + 𝑊 and taking the
expected square gives

Var(𝑀) = Var(𝑋) + 2 Cov(𝑋, 𝑊) + Var(𝑊) = Var(𝑋) + Var(𝑊).

3. Divide these expressions and define the signal fraction 𝜆:

𝑏𝑀 = 𝛽𝜆, 𝜆 = Var(𝑋)
Var(𝑋) + Var(𝑊).

Both variances are nonnegative and the signal variance is positive. Thus 0 < 𝜆 ≤ 1.
Positive noise variance makes 𝜆 < 1, shrinking the slope’s magnitude toward zero. For
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a negative 𝛽, shrinkage makes the slope less negative; “downward bias” would be an im‑
precise description.

In the baseline meter world, Var(𝑋) = 4 and Var(𝑊) = 8/3. Therefore 𝜆 = 3/5, the
recorded‑energy slope is 30 dollars per MWh, and the intercept is 530 − 30(10) = 230 dollars.
The constructed billing slope remains 50 dollars per MWh. A larger collection of readings from
this same population would not make its population projection equal 50.

The dimensions provide a useful check: the variance ratio is dimensionless, so multiplying by
𝛽 preserves dollars per MWh. Zero noise gives 𝜆 = 1. Holding the signal variance fixed while
noise variance increases moves 𝜆 toward zero. Converting both signal and noise to kWh multi‑
plies both variances by a million and leaves 𝜆 unchanged.

This is the scalar classical errors‑in‑variables result. Hansen’s January 10, 2010 manuscript,
chapter 11, opening measurement‑error example provides a related general regression treat‑
ment. The finite billing construction and proof here are authored for this chapter.

◇ Core: A calibration error can behave differently

The classical proof removes Cov(𝑋, 𝑊) using an assumption. It cannot remove that term after
a calibration error makes it nonzero.

In our meter family, 𝑊 = 𝜅(𝑋 − 10) + ℎ𝑍1. The independence and zero mean of 𝑍1 give
Cov(𝑋, 𝑊) = 4𝜅. The recorded centered reading is (1 + 𝜅)(𝑋 − 10) + ℎ𝑍1. Substituting
into the centered‑product definitions yields

Var(𝑀1) = 4(1 + 𝜅)2 + 2ℎ2/3,
Cov(𝑀1, 𝑌 ) = 200(1 + 𝜅),

𝑏𝑀1
= 200(1 + 𝜅)

4(1 + 𝜅)2 + 2ℎ2/3.

The numerical constants carry the units inherited from themetermodel. With no randomnoise
and 𝜅 = −1/2, this slope is 100 dollars per recorded MWh. One recorded‑unit change rep‑
resents two true‑unit changes; the coefficient doubles. With 𝜅 = −2 and no random noise,
it is −50. The instrument reverses ordering. Neither result follows the classical attenuation
conclusion because its covariance restriction fails.

Two instruments with the same compressed calibration can agree perfectly. Their agreement
alone does not reveal their distance from true use. Calibration needs a relevant reference or
design restriction, not just another copy of the same reporting process.

The interactive meter comparison lets you predict the slope, change noise or calibration, and
then reveal the fitted line. Explain which term in the displayed covariance calculation changed.
A correct prediction needs that reason; “measurement error causes bias” does not specify its
direction.
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◆ Theory: Recovering a coefficient and predicting a bill

If the aim is to predict a bill using the recorded meter, a slope of 30 is the correct slope for the
baseline population’s best straight‑line predictor. Replacing it with 50 while retaining the noisy
horizontal variable would generally worsen that line’s forecast. A structural coefficient and a
predictor solve different problems, as chapter 1’s distinction between forecasting and interven‑
tion demonstrates.

The conditional mean can improve on the best line. For the baseline readings 𝑀1 =
6, 8, 10, 12, 14, it is respectively 430, 430, 530, 630, 630 dollars. At 10, the two true‑use
values are equally likely; the bill’s perturbation has mean zero. At the other four readings, true
use is determined in this finite example. Thus this conditional mean is not a line.

The projection risk calculation gives a line MSE of 4,400 dollars squared. The conditional‑mean
risk is400+10,000/3 = 11,200/3dollars squared: billing noise contributes 400 everywhere;
ambiguity between the two true‑use means contributes 1002 at the central reading, which oc‑
curswith probability 1/3. The conditionalmean’s optimality follows from chapter 1’s complete
squared‑loss proof.

These numbers depend on the finite support. Changing a noise amplitude can create or re‑
move overlaps among recorded values. Consequently the best conditional‑mean risk need not
increase monotonically with the amplitude in an artificial discrete model. The classical best‑
line slope does shrink monotonically as its noise variance rises. Keep the claim attached to the
object proved.

Neither a good forecast nor an attenuation correction proves that changing real energy use
would change bills according to this equation. The equation is a declared generator here. An
empirical claim would additionally need a defensible economic model and identification de‑
sign.

◆ Theory: What independent repeated readings can identify

Suppose two readings of the same underlying quantity are 𝑀1 = 𝑋 + 𝑊1 and 𝑀2 = 𝑋 +
𝑊2. Retain finite second moments, positive signal variance, and the billing relation. Assume
each measurement error is uncorrelated with 𝑋 and 𝜀, and Cov(𝑊1, 𝑊2) = 0. Assume also
Cov(𝑋, 𝜀) = 0. Under those restrictions,

𝛽 = Cov(𝑀1, 𝑌 )
Cov(𝑀1, 𝑀2).

1. Expand the readings’ covariance:

Cov(𝑀1, 𝑀2) = Var(𝑋) +Cov(𝑋, 𝑊2) +Cov(𝑊1, 𝑋) +Cov(𝑊1, 𝑊2) = Var(𝑋).
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The denominator is strictly positive by the signal‑variance assumption.

2. Expand Cov(𝑀1, 𝑌 ) exactly as in the attenuation numerator. The restrictions leave
𝛽 Var(𝑋). Dividing by the first expression cancels the positive signal variance, proving
the result.

3. Interpret the cancellation. Independent noise expands each reading’s own variance but
does not expand the readings’ shared covariance. The shared part isolates signal under
the assumptions. A single proxy’s variance does not by itself supply that separation.

At the classical baseline, the numerator is 200 dollar‑MWh and the denominator is 4 MWh2, giv‑
ing 50dollars perMWh. Copying the firstmeter into a second column instead gives denominator
20/3 and ratio 30. It supplies no newmeasurement.

In our compressed‑calibration world, the independently noisy meters still share the wrong
scale. Their ratio is 100, because both violate the restrictions involving𝑋. A second instrument
must satisfy the proposed measurement model; the presence of two columns is insufficient
evidence.

Two consecutive dates are also not automatically repeated readings of the same 𝑋. The true
quantitymay change, and instrument errorsmay persist over time. A time‑series versionwould
have to specify latent dynamics and error dependence. That leads toward the course’s state‑
spacedefinitionof a latent state andobservationequation, rather than silently treatingadjacent
observations as independent repeats.

Averaging genuinely independent equal‑variance errors reduces their variance: Var((𝑊1 +
𝑊2)/2) = (𝜎2

𝑊 + 𝜎2
𝑊 )/4 = 𝜎2

𝑊 /2. The classical baseline average‑meter projection there‑
fore has slope 37.5, closer to 50 but still attenuated. The covariance ratio and an averaged re‑
gressor perform different operations. A common error would survive the average.

◇ Core: A denominator canmanufacture growth

Consider a separate controlled reporting example. A district uses 3,000MWhduring each of two
days and has 300 actual customers on both days. Its true daily energy per customer is 10 MWh.
The numerator covers all customers on both days. The customer file records all 300 on the first
day but only 240 on the second.

Dividing the unchanged full‑coverage numerator by these recorded counts produces 10 and
12.5 MWh per recorded customer: apparent growth of 25 percent. Nobody’s consumption
changed. The numerator and second‑day denominator describe different coverage. These
invented records illustrate an audit failure; they do not allege a problem with a named data
provider.

For positive totals 𝑄𝑡 and denominators 𝑁𝑡, define 𝑅𝑡 = 𝑄𝑡/𝑁𝑡. Its exact proportional
growth is
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1 + 𝑔𝑅 = 𝑅𝑡
𝑅𝑡−1

= 𝑄𝑡/𝑄𝑡−1
𝑁𝑡/𝑁𝑡−1

= 1 + 𝑔𝑄
1 + 𝑔𝑁

.

The first equality defines growth, the second substitutes the ratio twice, and the third substi‑
tutes numerator and denominator growth. In this example 𝑔𝑄 = 0 and 𝑔𝑁 = −0.2, so 𝑔𝑅 =
1/0.8 − 1 = 0.25. Subtracting percentage changes would give 20 percent, an approximation
that is inaccurate here. For positive values the log identityΔ log𝑅 = Δ log𝑄−Δ log𝑁 is ex‑
act, because a log of a ratio is the difference of logs. Neither identity tells us whether a changed
denominator represents an actual population change or a reporting change. Themeasurement
mapmust supply that interpretation.

◆ Theory: Aggregation changes the weights

Suppose disjoint zones have totals 𝑄𝑗 and positive counts 𝑁𝑗, all with aligned coverage and
intervals. Their aggregate per‑customer measure is

∑𝑗 𝑄𝑗
∑𝑗 𝑁𝑗

= ∑
𝑗

𝑁𝑗
∑𝑘 𝑁𝑘

𝑄𝑗
𝑁𝑗

.

To verify the equality, multiply each zone’s ratio by its count weight. The 𝑁𝑗 cancels, leaving
𝑄𝑗/ ∑𝑘 𝑁𝑘. Summing gives the left side. Theweights are nonnegative and sum to one, so the
aggregate lies between the smallest and largest zone ratios.

For two zoneswith 1,000MWhand 100 customers, and 3,000MWhand 200 customers, the ratios
are 10 and 15. The aggregate is 4,000/300 = 40/3, about 13.33 MWh per customer. Giving
the two zones equal weight instead gives 12.5. The first describes the total divided by total cus‑
tomers; the second describes an equally weighted average zone. Both calculations are defined,
but they answer different questions.

This is a bridge to geospatial econometrics: changing boundaries changes which individuals
share an aggregate and how groups are weighted. Matching units on both axes does not make
differently supported aggregates equivalent. In a network, removing nodes likewise changes
the domain over which degree or an average is computed. A later geographic or network analy‑
sis must preserve the population and boundary definitions needed for its claim.

✦Workshop: Worked exercises and an audit

These exercises have complete public answers. The controlled calculations test definitions and
identities; they are not additional completed empirical cases.
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1. Convert the baseline slope. What happenswhen bothmeter readings change fromMWh
to kWh? The slope becomes 30/1,000 = 0.03 dollars per kWh, and the intercept re‑
mains 230 dollars. Predicted bills stay unchanged because 0.03(1,000𝑀) = 30𝑀 .
Reliability is unchanged because both relevant variances acquire the same million‑fold
factor. The native metric h2_classical_slope_per_kwh checks this operation.

2. Make random noise larger. Set ℎ = 4 and 𝜅 = 0. Noise variance is 2(42)/3 = 32/3,
so𝜆 = 4/(4 + 32/3) = 3/11. The slope is 150/11, about 13.64 dollars per MWh. This
uses the classical covariance restrictions, not a general claim about all imperfect proxies.

3. Compress the instrument without random noise. Set ℎ = 0 and 𝜅 = −1/2. The cal‑
ibration formula gives 100. The meter repeats without random noise but uses the wrong
scale. Calling that repetition “accurate” confuses reliability with validity.

4. Compare a second readingwith a copied column. At the classical baseline the indepen‑
dently noisy twin gives ratio 50; a copied reading gives 30. Follow the repeated‑reading
denominator proof and identify which covariance differs. Independence is a design claim
that needs evidence in real work, not a property created by a new column name.

5. Audit reported growth. A report says energy per customer rose from 10 to 12.5 while
total energy stayed at 3,000. Recover the implied denominators: 3,000/10 = 300 and
3,000/12.5 = 240. Check coverage before interpreting the rise as behavior. The fixed
true customer population in the declared example identifies this as a reporting change.

6. Choose the aggregate. For the two zones in the aggregation proof, explain why 12.5 and
40/3 differ. Write the weights explicitly: 1/2, 1/2 versus 1/3, 2/3. State whether the
client wants an average zone or a total‑per‑customer quantity before selecting the result.

An AI assistant can help audit a measurement dictionary by listing ambiguities or proposing a
deliberately broken example. Give it the actual schema, units, coverage, and requested claim.
Require it to identify which equation and assumption justify a correction. Then independently
check its answer against the definitions, fixture, and calculations. A fluent explanation is not
validation evidence. Record the prompt and correction in the project log; omit invented source
documentation and private records from a public portfolio.

Professional handoff: ameasurement dictionary andmemo

The companionmeasurement dictionary records the fields used in this controlled example. The
fixture manifest defines all 36 states, units, probabilities, equations, and authorship. The exe‑
cution guide gives the native Python, Julia, and R commands; the measurement verification
report records what actually ran. A program’s output is a calculation check, while the written
proofs justify the population identities.

Aprofessionalmemocannowsay: “Thecontrolledbaseline’s regressionon recordedenergyhas
slope 30 dollars per MWh, although the declared billing relation uses 50. Independent additive
measurement noise explains the difference under the stated covariance restrictions. Indepen‑
dent repeated readings recover the declared coefficient in that classicalmodel; copied readings
and shared calibration errors do not. A separate reporting example creates a 25‑percent ratio
increase through denominator coverage alone.”
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For an empirical portfolio project, replace the controlled records with a permitted source and
document its measurement operations. Deliver the dictionary, a unit/coverage audit, one re‑
producible comparison of competing proxies, and a memo stating which interpretation is sup‑
ported. Preserve uncertain definitions as unresolved questions rather than choosing a conve‑
nient meaning. The time‑series project’s provenance requirements give an existing example of
documented source fields and limitations. Chapter 3’s three‑clock definition distinguishes ref‑
erence, publication and collection times; its as‑of selection preserves the information available
at a decision origin.

This chapter’smain equation checks are explicit: dollar termsadd todollars; signal fractions are
unit‑free; zero noise recovers the correct classical slope; a constant regressor has no separately
identified slope; kWh conversion rescales coefficients without changing bills; independent rep‑
etition removes only the noise its assumptions cover; positive denominators are required for
the ratio and log calculations. These checks support the proofs but do not replace them.
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Instrument comparison

Theonline experiment asks for apredictionbefore revealing apopulation line. These static com‑
parisons retain all nine parameter settings for this edition. The billing coefficient is 50 dollars
per true MWh throughout. A calibration error changes the interpretation of both recorded read‑
ings.

Noise h, MWh Calibration
Recorded slope,
dollars/MWh

Twin covariance ratio,
dollars/MWh

0 classical 50 50
0 compressed 100 100
0 reversed ‑50 ‑50
2 classical 30 50
2 compressed 27.273 100
2 reversed ‑30 ‑50
4 classical 13.636 50
4 compressed 8.5714 100
4 reversed ‑13.636 ‑50

The twin ratio recovers the declared coefficient only under the repeated‑reading assumptions
proved in this chapter. The archive includes each native implementation and its checked out‑
puts.
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Observation clocks, releases, vintages, and
provenance

○Orientation: A quarter ends before its estimate arrives

An analyst preparing a report on April 24, 2024 can know that the first quarter has ended. That
does not give the analyst the Bureau of Economic Analysis’s first estimate of that quarter’s
growth. The estimate has its own publication date. A file downloaded much later can put
the number beside January 1, the quarter’s starting date, without showing when it became
available.

This is howa tidy spreadsheet cangiveahistorical analyst knowledgeof the future. Theproblem
is in what the row represents, before any forecasting method is chosen. Begin with chapter 2’s
measurement map and add three clocks:

• Reference time identifies the interval the statistic describes. Here that interval is January
through March 2024.

• Publication time identifies when a particular estimate was released by its provider.
• Collection time identifieswhenaparticular system receivedand coulduse it. Publication
and collection need not coincide.

A fourth timestamp, the date of our present‑day research download, documents how we
obtained the archived source. It cannot establish that our system possessed the file in 2024.
These distinctions also apply to financial filings, revised geospatial boundaries, delayed survey
records, and corrected network edges. The definition of the economic object and the history of
access are separate pieces of evidence.

For the same quarter, the archived BEA headlines give this sequence:

Estimate and original source Published, UTC Real GDP growth, percent

Advance April 25, 12:30 1.6
Second May 30, 12:30 1.3
Third June 27, 12:30 1.4

Theseare seasonally adjustedannualizedpercentage changes fromtheprecedingquarter. Each
original header specifies 8:30 a.m. Eastern Daylight Time; that is 12:30 UTC on these dates. All
three numbers describe the same quarter. Their differences are revisions to an estimate, not
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growth across three successive quarters. “Third” is the third estimate in this extract, not a claim
that no subsequent revision occurred. These archived releases have been superseded.

At noon UTC on May 15, the advance estimate was already published and the second was still
ahead. In our idealized zero‑delay reconstruction, the available headline is 1.6. Using 1.3 or 1.4
as that origin’s input would use a later publication. The three‑row ledger and source receipts
preserve the observed values, dates, identifiers, source links and checked document hashes.
They do not constitute a fitted GDP nowcast or a study of predictive performance.

◇ Core: A growth rate also has a convention

The percent sign does not tell us the interval or transformation. If a quarter’s growth factor is
1 + 𝑞, an annualized growth rate repeats that factor four times:

1 + 𝑔 = (1 + 𝑞)4.

Here 𝑔 and 𝑞 are dimensionless proportions. The tabulated 1.6 percent means 𝑔 = 0.016.
Taking the positive fourth root gives

𝑞 = (1 + 𝑔)1/4 − 1.

Multiplying this proportion by 100 gives about 0.398 percent for the quarter. Dividing the dis‑
played annualized percentage by four is an approximation; it does not reproduce compounding
exactly. The positive‑factor condition 1 + 𝑔 > 0 is required for this real‑valued interpretation.
Thearchivedadvance release’s Statistical conventions, PDFpage5describes its annual‑rate con‑
vention. Our calculation converts the reported rounded headline; it does not reconstruct BEA’s
unrounded source values.

The second‑minus‑advance revision is 1.3 − 1.6 = −0.3 percentage points. The third‑minus‑
second revision is +0.1 percentage point, and the net third‑minus‑advance revision is −0.2
percentage point. A percentage‑point difference is not a proportional percentage change. Pre‑
serve the conventionand rounding in theprovenancemanifest, alongside theunit and coverage
fields introduced in chapter 2’s measurement definition.

◇ Core: Selecting a value as of a decision time

Keep each publication as a separate event. For a series and reference period, an event 𝑟 has a
provider publication time 𝑝𝑟, an availability time 𝑎𝑟, a value 𝑣𝑟, and an identifier. Availability
cannot precede the permitted publication time. If a system receives the event later, the receipt
time determines when it can use the event.
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In this chapter’s reconstruction, we specify a constant collection delay 𝛿 ≥ 0, in seconds, and
set

𝑎𝑟 = 𝑝𝑟 + 𝛿.

Adding seconds to a timestamp produces another timestamp. We test 𝛿 = 0, 60, 3600. These
are declared scenarios; they are not measured BEA delivery latencies. In production, preserve
actual receipt timeswhere they exist. A provider’s release header supplies the publication clock
but not a particular customer’s collection clock.

At an origin 𝜏 , the eligible event set is

𝒜𝜏 = {𝑟 ∶ 𝑎𝑟 ≤ 𝜏}.

Equality is eligible in this declared convention. This assumes the value is usable at the stated
availability instant. A system that requires parsing, quality checks or execution time should use
the later usable timestamp. For an intraday decision, knowing only a publication date is insuffi‑
cient evidence of exact availability within that day.

An as‑of selection returns, for each series/reference‑period key, the newest provider publica‑
tion among its eligible events. If none exists, that period is missing. It is not assigned a zero or
filled with a later value. Separate series, geographic identifiers and measurement definitions
belong in the key; matching a date alone is insufficient.

The implementation follows a definite order:

1. Validate the schema, finite numerical values, UTC timestamps and unique reference‑
period/publication keys. An ambiguous duplicate is an error, not a reason to take an
arbitrary row.

2. Remove events whose availability is after the origin. A reference period ending before the
origin does not make its publication eligible.

3. Within each retained key, select the greatest provider publication time. Preserve the se‑
lected event’s identifier and both clocks with its value.

4. Join that origin’s selected records to the declared forecast input. Retain absent periods
as absent and state how the method handles them.

Filteringmust precede selecting the last version. Selecting today’s latest value and then attach‑
ing an old reference date loses the information needed to reconstruct the old decision. If re‑
ceipts arrive out of order, the latest receipt need not be the newest provider estimate; the two
clocks still perform different jobs.

On April 25 at 12:30:00 UTC, zero‑delay availability includes the advance estimate. Under a 60‑
second delay, it is still absent at that instant and becomes eligible at 12:31:00. On May 30 at
12:30:00, the zero‑delay selection switches to the second estimate, while the delayed system
still selects the advance estimate. A one‑second boundary test can expose amistake hidden by
a month‑level join.
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Figure 1: The first panel uses the attributed BEA extract with an idealized zero collection de‑
lay. Its horizontal axis is publication time, not the quarter being measured. The sec‑
ond panel uses the separate authored index example developed below. It illustrates a
pipeline failure and does not estimate a GDP forecasting effect.
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◆ Theory: A future release cannot change an earlier calculation

The archive can contain events frommany dates. An earlier calculationmust depend on the rel‑
evant history, not on everything the archive eventually contains. Writeℋ𝜏(𝐷) for the ordered
history of all events available by 𝜏 in a valid ledger𝐷. Thehistory retains their values, identifiers
and relevant metadata. An origin’s forecast is

̂𝑦𝜏 = 𝑇 (ℋ𝜏(𝐷), 𝑐𝜏),
where 𝑇 is a deterministic calculation and 𝑐𝜏 is the configuration allowed at the origin. The
configuration includes the model specification, transformations, fitted parameters, tuning de‑
cisions and,when applicable, a fixed randomseed. Calling parameters “configuration” does not
make later‑fitted parameters historically available; their provenancemust be established too.

Prefix invariance. Suppose two valid ledgers𝐷 and𝐷′ have identical histories through 𝜏 , and
use the same permitted configuration. Then their forecasts at 𝜏 are identical.

1. Every available event in one history has the same key, clock, value and relevantmetadata
in the other. Any added or altered event is still strictly after the origin. Thus ℋ𝜏(𝐷) =
ℋ𝜏(𝐷′).

2. Applying the as‑of selection to either history gives the same eligible records and the same
newest eligible event for each key. Missing keys remain missing in both.

3. Thedeterministic transformation, join and forecasting calculation receive identical inputs
and the same configuration. A function applied to identical arguments has identical out‑
put. Therefore

𝑇 (ℋ𝜏(𝐷), 𝑐𝜏) = 𝑇 (ℋ𝜏(𝐷′), 𝑐𝜏).
The statement requires changes to remain outside the origin’s history. Backdating an altered re‑
lease into the eligible set changes the premise. Changing the historicalmodel or a random seed
also changes an argument of𝑇 . For a randomized procedure, holding the origin‑permitted ran‑
dom input fixed gives this pathwise equality; with a different random input, identical numerical
outputs are not required.

This proof gives an adversarial diagnostic. Alter future values drastically or append a future
release, rerun theearly origin andcompare its selected identifiers, transformations and forecast.
Theearly result shouldbeunchanged. Passing severalmutations checks thosepaths; it doesnot
prove that every possible leakage path has been removed. A model trained on later data could
ignore themutated field and still pass. The proof describes the required dependency; the audit
must inspect the entire dependency chain.

The interactive release audit changes a future valuewhile preserving the origin’s eligible history.
Predict which selected value can change before revealing the comparison. The native programs
check the same operation at nine origins and three collection delays, includingmissing periods
and exact release boundaries.
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◇ Core: A forecast can leak without seeing its target

Consider an authored monthly index. These six invented records are independent of the BEA
extract:

Reference month First publication and value Later publication and value

January February 5, 09:00 UTC: 2 February 15, 09:00 UTC: 3
February March 5, 09:00 UTC: 4 March 15, 09:00 UTC: 1
March April 5, 09:00 UTC: 5 April 15, 09:00 UTC: 7

Thenumbers are indexpoints. OnMarch6at 09:00UTC, supposea transparentbaselinepredicts
March using the mean of the available January and February records. January’s revision to 3 is
already available; February’s first reading is 4. The locked forecast is

̂𝑦Mar6 = (3 + 4)/2 = 3.5.

If we later collapse eachmonth to its last version before evaluating that old origin, January is 3
and February is 1. The reconstructed forecast becomes (3+1)/2 = 2. It never used theMarch
target. It nevertheless used a February revision that was unavailable on March 6. Training‑data
revisions alone can create leakage.

Before February’s first publication, on March 4, this baseline has only January’s value and re‑
turns 3. That is a different input set, explicitly allowed by this example’s available‑mean rule.
A model requiring a balanced two‑month input should instead decline to forecast then. Miss‑
ing information is part of the contract, not permission to choose whichever backfill improves a
score.

Increase every release after March 6 by 1,000 index points while preserving its publication date.
The locked forecast stays 3.5. The incorrect latest‑version forecast becomes (3 + 1001)/2 =
502. The enormous change makes the dependency visible. It is a deliberately corrupted test
archive, not a claim about actual index revisions. The controlled ledger and verified outputs
retain both calculations.

◆ Theory: Information groups possible worlds

The deterministic prefix argument tells us how a pipeline must behave. Probability gives an‑
other way to describe what a forecaster can distinguish. Begin with four equally likely possibili‑
ties, collected in a setΩ = {1, 2, 3, 4}. Their future outcomes are𝑌 = (0, 2, 4, 6) in abstract
outcome units.

At time 0, no reading distinguishes them. At time 1, a signal says whether the state is in 𝐶0 =
{1, 2} or 𝐶1 = {3, 4}. At time 2, the exact state is revealed. A partition groups states that
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have the same observable history. Its groups are called cells. A forecast using only that history
must give the same answer to every state within a cell: the forecaster has no observed basis for
selecting one state over another.

The events distinguishable at time 1 are ∅, 𝐶0, 𝐶1 and Ω. This collection is an information
sigma‑algebra, written ℱ1. In a finite example it contains exactly the unions of partition cells.
The name means that complements and countable unions remain in the collection. Comple‑
menting a union of cells selects the remaining cells; taking any union of such unions still selects
cells. The collection also contains the whole set and empty set.

Hereℱ0 = {∅, Ω}, andℱ2 contains every subset of the four states. Consequently

ℱ0 ⊆ ℱ1 ⊆ ℱ2.

A nested family of information sigma‑algebras is a filtration. It represents accumulation of dis‑
tinguishable information. Retaining the whole publication ledger allows later information to
include the earlier estimate and its revision. A storage system that overwrites the old estimate
without retaining it can discard history; its latest‑value table alone should not be confused with
the full filtration.

A forecast process is adapted to this filtration when its time‑𝑡 forecast is measurable with re‑
spect to ℱ𝑡: events described by its output can be decided using the information available
then. In this finite setting, measurability is equivalent to being constant on every information
cell.

1. If a forecast is constant on each cell, the stateswhere its value belongs to any specified set
of numbers form a union of cells. That union is an event in the information sigma‑algebra,
so the forecast is measurable.

2. If it assignsdifferentvalues to twostateswithinonecell, takeanumerical thresholdstrictly
between those values. The event that the forecast exceeds that threshold splits the cell.
Such an event is not a union of information cells and cannot belong to the sigma‑algebra.
The forecast is not measurable.

The time‑1 forecast (1, 1, 5, 5) is adapted. The apparent forecast (0, 2, 4, 6) splits both cells
and uses information unavailable at time 1. Its perfect score would reveal an impossible in‑
formation advantage, not a successful signal‑based forecast. At time 2, after exact revelation,
those same four outputs are permitted. A calculation’s validity depends on when its inputs are
known.

This finite proof is exact and requires nodensity or asymptotic approximation. General probabil‑
ity spaces need the full measurable‑space definition rather than four‑state enumeration; those
foundations will receive their own treatment. The finite model here establishes the meaning
needed for the release audit.
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◆ Theory: More information improves the population optimum

The squared‑loss proof in chapter 1 applies within each positive‑probability information cell.
The minimizing forecast is its weighted outcome mean. With no information the forecast is 3
and its risk is

𝑅0 = (9 + 1 + 1 + 9)/4 = 5.

With the coarse signal, the two cell means are 1 and 5. The four squared errors are all 1, giving
𝑅1 = 1. With the exact state, 𝑅2 = 0. The means do not claim that intermediate outcomes
occur; they minimize average squared loss over the possibilities.

The improvement has a precise proof. Let 𝑚0 and 𝑚1 denote optimal conditional means for
nested finite information partitions, with positive probability for each retained cell. On every
finer cell,𝐸[𝑌 − 𝑚1 ∣ cell] = 0. The older forecast𝑚0 is constant there because the finer cell
lies inside an older one.

1. Decompose the older error:

𝑌 − 𝑚0 = (𝑌 − 𝑚1) + (𝑚1 − 𝑚0).

2. Square and average. On a finer cell the second term is constant, so its cross‑product with
𝑌 −𝑚1 has conditionalmean zero. Summing over the cell probabilities keeps that cross‑
product zero. Thus

𝐸[(𝑌 − 𝑚0)2] = 𝐸[(𝑌 − 𝑚1)2] + 𝐸[(𝑚1 − 𝑚0)2].

3. The last term is a mean of squares and is nonnegative. Therefore the finer‑information
optimum cannot have larger squared‑error risk. Equality holds precisely when the two
conditional means agree on every positive‑probability cell.

In our four states the means move from 3 to 1 or 5, each two units away. The gain is 𝐸[(𝑚1 −
3)2] = 4, matching 𝑅0 − 𝑅1 = 5 − 1. Risks have squared outcome units; the forecast shifts
have outcome units before being squared. This is a population result for optimal forecasts. It
does not promise that a fitted model improves whenever someone adds a feature. Estimation
error, a misspecified function and changing distributions can defeat that empirical promise.
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◇ Core: The target has a publication history too

What will count as a forecast error? In the controlled monthly example, March’s first published
value is 5 and its later value is 7. The unchanged locked forecast of 3.5 has squared error 2.25
against the first and 12.25 against the later. Scoring the same forecast against different publica‑
tions changes the evaluation target.

Write 𝑒𝑣 = 𝑦(𝑣) − ̂𝑦 for error against target vintage 𝑣, and 𝑑 = 𝑦(𝑤) − 𝑦(𝑣) for the revision to
vintage𝑤. Then 𝑒𝑤 = 𝑒𝑣 + 𝑑. Expanding the square gives the exact identity

𝑒2
𝑤 − 𝑒2

𝑣 = 2𝑒𝑣𝑑 + 𝑑2.

In the example, 𝑒𝑣 = 1.5 and 𝑑 = 2, so the change is 6 + 4 = 10 squared index points. A
revision can increase or decrease a score: the cross term can be negative. A later estimate need
not move away from a forecast. Declare whether the task forecasts the first release, a specified
later publication, or a target definedby an explicit revision horizon. “Final GDP”without a dated
definition is insufficient.

Three evaluation designs answer different questions:

• A fixed‑vintagehistorical exerciseuses one frozen extract for every origin andwithholds
later reference periods. It documents that extract’s information advantage when older
values were revised later.

• A reconstructed real‑time exercise rebuilds each origin’s inputs from documented re‑
lease histories and explicit availability assumptions. This chapter’s BEA audit is such a
reconstruction with declared collection‑delay scenarios.

• Aprospectiveproductionexercise logsactual inputs, receipt times,model/configuration
identities and locked predictions as decisions occur, then scores them against the prede‑
clared target publication.

Keeping the target out of training is necessary in each design; it does not convert the first into
the third. The existing Texas case’s fixed‑vintage disclosure is retained rather than relabelled as
an intraday historical experiment.

✦Workshop: A release audit and worked answers

The following exercises have public worked answers. The BEA part is a small observed release‑
history audit. The larger C02 nowcast, latent‑state inference and revision‑attribution case re‑
mains to be developed; three headlines cannot establish a forecasting advantage.

1. Choose the eligible headline. At May 15, 12:00 UTCwith zero delay, the eligible estimate
is advance, 1.6 percent. AtMay 30, 12:30UTCwith a 60‑seconddelay, it is still advance; the
second becomes eligible a minute later. Use the availability inequality, not the quarter’s
starting date.
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2. Distinguish absence from zero. At March 31, no headline in the three‑row extract is pub‑
lished. Report “not released in this extract.” Assigning 0 would assert a growth estimate
the provider did not supply. A forecast could still use other permitted evidence, but this
ledger contains none of that evidence.

3. Convert the annualized headline. Substitute 𝑔 = 0.016 in the compounding formula.
The resulting quarter growth is about 0.398 percent. Explain why 0.4 is an approximation
and retain the source headline’s rounding.

4. Find the invisible revision. The incorrect March 6 forecast uses February’s later value
of 1. Replace it with the eligible first value of 4 and recover 3.5. The March target never
entered either training calculation; the error arose from the training‑vintage choice.

5. Explain a perfect score. At signal time the two information cells each contain two dis‑
tinct outcomes. An output equal to the exact outcome separates states inside both cells,
violating the finite measurability criterion. Perfect scoring against a withheld outcome is
not evidence that the permitted signal supplied it.

6. Reconcile two scorecards. Keep the forecast fixed at 3.5. Its errors against targets 5 and
7 are 1.5 and 3.5. Square them, then check that their difference equals 2(1.5)(2) + 22.
Name the target‑vintage identity in thememo instead of calling the entire score change a
model failure.

Ask an AI assistant to inspect the schema and propose three ways a future value could enter an
earlier origin. Require it to name the affected field, clock and operation, and to produce a valid
mutation that stays after the origin. Verify those proposals yourself. Reject inventedpublication
times, claims that shifting a reference date proves availability, and changes to an origin’smodel
that silently invalidate the prefix‑invariance premise. Record the accepted test, correction and
executed result in the portfolio log.

Professional handoff: A reproducible information ledger

The manifest defines the extract’s scope, units, timestamps, keys, delay scenarios, hashes and
separate rights. The execution guide supplies commands for independent Python, Julia and
R implementations. Their native verification report records matched calculations and bound‑
ary/failure checks. These records establish what we actually tested; the written arguments es‑
tablish why the operations have their claimed properties.

Deliver a preserved extract, its hash, the manifest, selected‑event identifiers for each origin, a
frozen forecasting specification, declared target vintages, and a short audit memo. A hash can
show that two copies contain the same bytes. It does not establish that the file existed at an
earlier date or that the contents were correct; the source and receipt evidence perform those
tasks. Preserve the original clock fields through unit conversions, joins and aggregation.

ALFRED’s download documentation, Observations by Real‑Time Period describes observation
dates and the intervals duringwhich versionswere current. Its date‑level vintages are useful for
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archived macroeconomic work, but they should not be treated as exact intraday receipt times‑
tamps. A release with no numerical revision may also need a separate event receipt; a list of
changed‑value vintages is not automatically a complete publication calendar.

A memo for this bounded example can say: “The archived 2024 Q1 GDP headlines were 1.6,
1.3 and 1.4 percent at three documented publication dates. Our reconstructed selection re‑
spects the declared collection delay and inclusive availability rule. Future‑only mutations and
appended releases leave earlier selections unchanged. A separate controlled index experiment
shows how a later training revision can alter an old forecast even when the target is withheld.
We have not estimated a GDP nowcast’s predictive value.”

The same logic links economic forecasting to event logs and delayed observations in physical
systems: the event described, themessage sent and themessage received canoccur at different
times. This shared ordering problem does not imply that statistical revisions behave like physi‑
cal noise or that a publication lag identifies an economic effect. Geographic boundary revisions
and changing networkmembership likewise need versioned definitions. Later applications can
build on this ledger without pretending that differently dated or differently supported records
describe the same information set.
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Release comparison

The online experiment asks for a prediction before showing an origin‑specific selection. These
static comparisons use zero collection delay and add 10 percentage points only to events un‑
available at each origin. The mutations are authored audit tests, not BEA estimates.

Origin date, UTC Time, UTC Eligible stage
Eligible growth,
percent

Entire test
archive, percent

2024‑03‑31 23:59:59 Not released Missing 11.4
2024‑04‑25 12:29:59 Not released Missing 11.4
2024‑04‑25 12:30:00 Advance 1.6 11.4
2024‑04‑25 12:31:00 Advance 1.6 11.4
2024‑05‑15 12:00:00 Advance 1.6 11.4
2024‑05‑30 12:30:00 Second 1.3 11.4
2024‑06‑27 12:29:59 Second 1.3 11.4
2024‑06‑27 12:30:00 Third 1.4 1.4
2024‑07‑01 12:00:00 Third 1.4 1.4

At the first‑publicationboundary, a 60‑seconddelay retainsmissingnessuntil 12:31UTC; a 3,600‑
second delay retains it until 13:30 UTC. At subsequent boundaries, the prior estimate remains
selectedduring thedelay. Thenativeprogramscheckall 27origin/delay combinations andkeep
absence distinct from zero.
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