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Abstract

There is rising interest in using Machine Learning (ML) model predictions as out-
comes in causal analysis. However, these methods have faced challenges in finding the
true treatment effects. It is also challenging to make choices about which prediction
models to choose, since we are interested not only in the accuracy of the prediction but
in its ability to produce the correct causal effect in the analysis. In this paper I propose
a decomposition of the prediction into between-unit prediction, within-unit-across-time
prediction, and counterfactual-treatment-effect prediction. I show that the third one
is of interest, but only the first two can be estimated from non-experimental data.
I propose that between-unit prediction accuracy is a better proxy for counterfactual-
treatment-effect prediction than the overall prediction accuracy. This suggests a metric
to measure whether the trained ML model is better or worse at producing outcomes
which would reveal the true causal effect. Under some assumptions, it also enables
constructing an unbiased estimate for the treatment effect. The method requires panel
data, with at least two time periods. This allows making informed choices about the
right model to generate the ML-predicted outcomes, and a criterion for telling whether
it is not good enough. I illustrate the metric with simulations of synthetic data, and
justify it with a theoretical framework.

1 Introduction

There is rising interest in using Machine Learning (ML) model predictions as outcomes in
causal analysis. This could be in a Randomized Controlled Trial (RCT) or other kinds of
analysis. The advantage of using ML predictions is that they are generally easier and cheaper
to generate for large samples than individual data collection. One prominent example is
research studying the effects of Unconditional Cash Transfers on various social outcomes
(e.g. consumption or wealth), where the outcome is predicted using mobile phone Call
Detail Records (Barriga-Cabanillas et al. [2025], |Aiken et al. [2025]). Another example is
studying the effects of agricultural interventions on yields, where yields are predicted using
Remote Sensing data (Cole et al.| [2025], Burke et al.|[2021], Lobell et al.| [2020]). And more
(Ratledge et al.| [2022]).
The general structure of these analyses is as follows:
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1. The actual outcome of interest is collected for a subsample of data.

2. A Machine Learning (ML) model is trained on this subsample of data for which both
the actual label (the outcome of interest) and the broadly-available feature data (e.g.
Call Detail Records, or Remote Sensing data) are known.

3. The ML model is used to predict the outcome of interest for each randomization unit,
especially those outside the labeled subsample.

4. The causal analysis then proceeds as usual, using these ML-predicted outcomes as the
outcome in the analysis. (This is not to be confused with using Machine Learning
methods for the causal analysis itself when all data are known, which is an unrelated

topic).
Intervention Outcome of ML feature data Unit of analysis
interest
Unconditional Cash ~ Consumption, Mobile phone Call Person
Transfers wealth Detail Records
Agricultural Yield Remote sensing Plot
extension pictures

Table 1: Ezamples of interventions studied using ML-predicted outcomes

However, these methods have faced challenges in finding the true treatment effects
(Barriga-Cabanillas et al| [2025], |Aiken et al. [2025]). A true causal effect exists when
using the actual outcome data, but not when using the ML-predicted outcome data (Aiken
et al. [2025]). Or the distribution of the ML-predicted outcomes is compressed relative to
the label distribution, biasing the estimated effect downwards (Ratledge et al.|[2022]). This
is naturally a problem for this approach, especially if it cannot be known in advance without
collecting the ground-truth outcome data for the entire sample, which defeats the purpose
of using ML-predicted outcomes. A related problem is choosing the best ML algorithm, the
right features etc. - since we are interested not only in the accuracy of the prediction but in
its ability to produce the right causal effect in the analysis.

In this paper I propose a metric to measure whether the trained ML model is better or
worse at producing outcomes which would reveal the true causal effect. It requires panel data
of the same form described above, for at least two time periods. This allows making informed
choices about the right model to generate the ML-predicted outcomes, and a criterion for
telling whether it is not good enough. I illustrate the metric with simulations of synthetic
data, and justify it with a theoretical framework.

2 Intuition - fitting to between-unit differences

The problem with using ML models to predict outcomes which are later used in causal
analysis is that ML models only ”care” about prediction, whereas causal inference asks a



question about the counterfactual. More concretely, a ML-model could predict very accu-
rately the observed outcome for an individual, but not necessarily the difference between
the outcome with and without Treatment. The ML model fits (among other things) to the
variation between units, whereas causal inference is interested in (counterfactual) variation
within unit. So for example a Machine Learning model using Call Detail Records could learn
to predict a person’s consumption level by whether they live in a wealthier area, and get
very good prediction results. But a Cash Transfer would not change the area of the person’s
house, so the model would predict a zero effect of Cash Transfers on consumption, even if
such an effect exists. Another example is that a yield prediction model could use only the
farmer’s last-season yield to predict their current season’s yield, have very good predictions
but obviously will not be able to detect any treatment effect.

We want to know that our model does not only fit to between-unit variation, but also
to the treatment effect, and at the very least to natural (not counterfactual) within-unit
variation.

3 Basic case: 2 time periods

We shall start with the simple case where outcome data is collected for only two time periods,
for a subsample of units. Suppose the setting is a RCT, and the units are people.
Suppose the actual outcome for a person ¢ in time ¢ with/without Treatment is modeled
as:
actualOutcome; ; = o + p; + yTreat; s + €4 (1)

where:
e ( is a constant intercept

e ,i; are person fixed characteristics, with mean 0.

Treat;; is a random Treatment indicator

€;¢ is an independent error term
e ¢, the time period, takes values 1 and 2.
Note that «, p; and Treat,; are pairwise uncorrelated. Likewise, €;; and €; 2 are uncor-

related, due to p; soaking up that correlation.

3.1 Pathological case: ML predictions fit only to between-person
variation

Now suppose we trained a ML model only on untreated persons, and that the prediction fits
only (and perfectly) to the person fixed characteristics.

predictedOutcome; ;, = a + p; (2)



The prediction could be good when measured between people (say, on a test set without
experimental variation), and even have good R-squared. But when using it to measure
treatment effect, we would try to run the regression:

(a + p; =)predictedOutcome, , = &y + &1 Treat; ; + vy (3)

And since Treat;, is independent of y; and so uncorrelated, we would estimate & = 0,
i.e. a treatment effect of 0.

A way to know that this is the case beforehand is to check if the ML-prediction explains
within-person variation across time periods, even for non-treated persons (so Treat;; = 0).

In this pathological case we would find

predictedOutcome; , — predictedOutcome; ; = 1; — j1; = 0 (4)

actualOutcome; » — actualOutcome; ; = (€;2 — €;,1) # 0 (5)

So we would find that the predicted outcome explains precisely 0 percent of the within-
person variation in outcome. This will be the basis of the metric we develop.

3.2 More realistic case: ML predictions fit partially to between-
person variation

We shall now generalize to less pathological cases, where the ML predictions fit partially to
between-person variation, partially to within-person between-period variation and partially
to within-person between-counterfactuals variation.
As before
actualOutcome; ; = o + p; + yTreat; ; + €, (6)

Again suppose we trained a ML model only on untreated persons. We now decompose
the ML-predicted outcome (on the test set, still of untreated persons) into these same com-
ponents, as follows:

predictedOutcome; ; = a + n,1; + nryTreat; ; + nee; s + viy (7)
where

e 7, — Indicates how well the model fits to between-unit variation. A value of 1 means
the model perfectly captures differences between individuals, while 0 means it ignores
these differences entirely.

e 1. — Measures how well the model fits to within-unit temporal variation. When 7. = 1,
the model perfectly captures how individuals naturally change over time (unrelated to
treatment), while 7. = 0 means the model misses this variation completely.

e nr — Represents how well the model captures counterfactual treatment effects. An nr
value of 1 means the model perfectly predicts the causal impact of treatment, while 0
indicates the model is completely insensitive to treatment effects.

e v;, is an independent error term, uncorrelated with the other elements.
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e We assumed that the ML model gets the mean of the population, «, right.

Note that even though the ML model was not trained on Treated persons (so on a pop-
ulation without Treatment variation), it could still capture some or all of the counterfactual
Treatment variation - for example a perfectly accurate predictor would capture all of it.

Now suppose that we use our ML predicted outcomes as the dependent variable in treat-
ment effect regression, in the standard fashion.

predictedOutcome; , = &y + &' Treat; ; + 0;; (8)

Using the decomposition of predicted outcomes above, and the fact that Treatment was
randomly assigned and is uncorrelated with other elements, we can see that the estimated
treatment effect would be: A

§&i=nr-7 (9)
and not the desired true treatment effect, .

Ideally, therefore, we want the model with ny = 1, and we would find it using a popula-
tion with experimental variation and check which model predicts it best. But usually this
is not observable because the models are trained on non-Treated populations, and if we had
a large enough sample to know which model best predicts the treatment effect, we would
probably have a large enough sample to just estimate the treatment effect from that popu-
lation directly. In lieu of estimating 1y, we conjecture that 7, is a better proxy for 7y than
the overall prediction accuracy, and therefore estimate 7.. Before we derive our method, we
shall see the problem with using prediction accuracy as the model selection criterion.

3.2.1 The problem with prediction accuracy

Normally ML models are chosen based on their prediction accuracy on the test set (a random
holdout from the labeled training set). Considering our decomposition of prediction, we can
now see why this is inadequate. If we estimated the overall prediction performance of the
ML model on a non-Treated population (similar to its training set), using R-squared, we
would have, using the equations above and the pairwise uncorrelatedness:

Cov|predictedOutcome, ;, actualOutcome; ;] = 7, Var|u;| + n.Var|e; ] (10)
2

) Cov|predictedOutcome, ;, actualOutcome; ;

(11)

h Var[predictedOutcome; ;| Var[actualOutcome; ;]

_ (n,Var[u;] + neVarle; ])?
(n2Var|p] +n2Var[e; ] + Var[v; ,])(Var[u;] + Var[e;]) ’

(12)

This depends on the values of 7, but also on the relative size of the variances, Var[u;],
Varle; +|, Var[v,,]. If Var[p;] > Var[e; 4], then 7. will not matter much for the R-squared. We
shall see this in simulations later.



3.2.2 Estimating 7.

We shall now define and calculate a few quantities that will help us estimate 7.. Define the
difference across time periods within person for any variable X, ; as

AX; = Xm0 — Xip=1. (13)
Calculating this difference for actualOutcome we get:
AactualOutcome; = yATreat; + Ag; (14)
and similarly for ApredictedOutcome;:
ApredictedOutcome; = predictedOutcome; , — predictedOutcome, ; (15)
= nryATreat; + n.Ae; + Ay, (16)

The left-hand-side quantities are observable for our subsample of persons with collected
outcomes in both periods. We can see how well the actual outcome predicts the predicted
outcome, in terms of linear regression.

Cov[ApredictedOutcome;, AactualOutcome;] = ny*Var[ATreat;] + 1. Var[Ag;] (17)
= nry*Var[ATreat;] 4+ n.Var[Ae;] (18)

But observe that

Var|[Ag;| = Var[e; 2 — €;1] (19)
= Var[ez-’g] + Var[ei,l] (20)
= 2Varle; ] (21)

where the next-to-last equality is because errors are uncorrelated across periods, due to p;
soaking up that correlation.
So finally we have

Cov[ApredictedOutcome;, AactualOutcome;| = nyy*Var[ATreat;] + n.2Var|e; ;] (22)

If we are working with a subsample of non-Treated persons, this simplifies even further.

Cov[ApredictedOutcome;, AactualOutcome;] = 7.2Vare; 4] (23)
Var[AactualOutcome;] = 2Varle; ] (24)
(25)

If we ran a linear regression of ApredictedOutcome; on AactualOutcome;, without an
intercept:
ApredictedOutcome; = fAactualOutcome; + error;, (26)

the estimated coefficient is

b= Cov[ApredictedOutcome;, AactualOutcome;]  n2Varfe; ;|

_ . 2
Var[AactualOutcome;] 2Var[e; | 1 (27)

This is the parameter we are interested in estimating, in absence of a direct estimate of

nr-
This empirical diff-vs.-diff slope will be our estimate of 7., and the standard error from

the regression will be our standard error for the estimate.
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3.2.3 Estimating 7,

In a non-Treated population, doing some algebra using the definitions and the uncorrelated-
ness of the different components, we have:

Cov|predictedOutcome, ;, actualOutcome; ;] = 1, Var|p;] + n. Var|e; ] (28)
Cov[ApredictedOutcome;, AactualOutcome;| = n.2Var|e; 4] (29)
Var|actualOutcome; ;| = Var[y;| + Varle; 4] (30)
Var[AactualOutcome;] = 2Var[e; ] (31)

We can perform some algebra to isolate 7,, where for ease of notation we replace pre-
dictedOutcome with predOut and actualOutcome with actualOut:

1
Var|actualOut; ;| — §Var[AactualOuti] = Var[u,] (32)

1
Cov|[predOut, ;, actualOut; ;] — iCov[ApredOuti, AactualOut;] = n, Var(u,] (33)

Cov[predOut, ,, actualOut, ;] — 3 Cov|[ApredOut;, AactualOut,] _ m.Var[u]
Var|actualOut; ;] — 3 Var[AactualOut] ~ Var[u]

=My (34)

The left-hand side of the last equation will be our estimate for 7n,. Standard errors can
be estimated using bootstrap.

3.2.4 Estimating nr

This is done by estimating the Treatment Effect twice, with a standard treatment effect
regression. Once using the actual outcome, and once using the predicted outcome. We
obviously need experimental variation for this, which we did not need to estimate the previous
two coefficients, which makes this approach infeasible in most practical applications.

The specification

actualOutcome; ; = o + p; + yTreat; ; + € (35)

(If is Treat; ; is fixed within unit, Treat,; , = Treat;, then the regression is run without the
Fixed-Effects p;)

Gives us the estimate Yactual — V-

Running the same regression with predictedOutcome as the left-hand side gives us the
estimate Ypredictea — 177y- S0 our estimate for ny will be:

f]T _ Vpredicted (36)

Yactual

Here, too, standard errors can be estimated using bootstrap.



4 Simulations

4.1 Simulation process

We use the framework above to simulate synthetic data and run several different tests. All

code used to generate these simulations and charts in the paper is publicly available on
GitHub (Reich| [2025]).

4.1.1 Simulating actual outcomes

Recall our notation:
actualOutcome; ; = o + p; + yTreat; ; + €; (37)

We simulate actual outcomes for each person for two time periods. We selected the
standard deviation of u relative to the standard deviation of € according to the results in a
real setting which is not part of this paper (Cole et al. [2025]). In that setting the share of
variance explained by person fixed effects was 0.92, so we used this value. Notice that this
is a large share of the variance, but it comes from real data and is not necessarily atypical.

Specifically, we used values:

a = 3200 (38)

SD(y) = 1400 (39)
SD(e) = 600 (40)

= 200 (41)
P(Treat; ;) = P(Treat;) = 0.5 (42)

Treatment was fixed within person across time, so Treat;; = Treat;.

We can then draw random numbers to obtain simulated values of p;, €, Treat;; for
each person in each time period, and add them up to calculate the actual outcome for each
person and time period using the formula for actualOutcome;; above. We used a Log-Normal
distribution for (v + p;) to simulate the fat-tailed distribution of between-person outcomes
present in many real-world settings.

We simulate those outcomes once, and hold them fixed when simulating the predicted
outcomes explained below.

4.1.2 Simulating predicted outcomes

Recall our decomposition for predicted outcomes:
predictedOutcome; , = a + 0, p; + nryTreat; s + nee;; + vig (43)

We simulate the predicted outcomes as follows. We iterate over parameter values (be-
tween 0 and 1 in skips of 0.25) for each of n,, nr, 1., and values (between 0 and 1,000 in
skips of 250) for Var[r]. We used the full cartesian product of the parameter values, so
each combination of values is obtained. So each simulation has a set of parameter values for
s M7, Me, Var[v]. For each simulation, we generate v;, for each person and period, and calcu-
late the predicted outcomes for each person and period using their values of p;, €4, Treat, ,
Vi t, and the values of 17, nr, 7. by substituting in the formula for predictedOutcome; , above.
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4.1.3 Calculating stats

We calculate various stats:

e We run a linear regression of actualOutcome;; on predictedOutcome;, (without an
intercept). We estimate:

— "ML prediction R-squared”: R-squared of this regression.

e We run a linear regression of AactualOutcome; on ApredictedOutcome; (without an
intercept).
ApredictedOutcome; = fAactualOutcome; + error; (44)

We estimate:

— The slope, i.e. the coefficient estimated for ApredictedOutcome,.

— 7"Diff prediction R-squared”: R-squared of this regression.
e Compression: ratio StD[predictedOutcome]/StD[actualOutcome].

e Share of variance in actualOutcome explained by person fixed-effects p; (calibrated
to 0.92). Note that this is a parameter we have chosen for the simulations, but it
comes from a real setting, and it holds in many real settings - the treatment effect is
almost always small compared with between-unit variation. This is why RCTs often
spend time and effort collecting pre-intervention outcomes and perform a difference-
in-differences analysis, since it cancels precisely that variation between units.

We then run an ordinary treatment effects linear regression using those predicted Outcomes
as the target variable:

predictedOutcomeiyt =& + & Treat; s + 054 (45)

We estimate the Treatment Effect, 51.

We also estimate the actual Treatment Effect (which is different than the expectation
due to statistical noise in the simulation) using the actual outcome, which is unknown in
real settings where actualOutcome was not collected for the entire sample:

actualOutcome; ; = v + v1Treat; ; + ;4 (46)
We calculate two other stats from this regression:

e "Scaled Treatment Effect”: estimated slope divided by the actual Treatment Effect:
&/

e t-statistic for the slope coefficient.

4.2 Simulation results

We find the following.



4.2.1 Better ML-prediction does not guarantee more accurate treatment esti-
mation.

There could be two different models, one of which would have vastly inferior R-squared in
predicting actual outcome, but would be better at giving the true treatment effect. See

Figure

Better prediction does not guarantee more accurate treatment estimation
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Figure 1: FEach dot is a specific simulation of actual outcomes and predicted
outcomes. The x-axis marks the R-squared of the ML prediction, and the y-axis
the Scaled Treatment Effect (where 1 is the correct effect). The color of the
dot is by nr. The trendline is for all points, using OLS. We can see the main
determinant of the Scaled Treatment Effect is np, where the general prediction
R-squared matters very little.

4.2.2 Better ML-prediction is mostly determined by person attributes

In our setting, where StD[u] > StD[yTreat|, better prediction is mostly about capturing the
person fixed effects, and so 1y does not greatly affect the prediction accuracy. See Figures
and [3
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Better prediction is mostly affected by person attributes
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Figure 2: Fach dot is a simulation. X-axis is 1,. Y-axis is ML prediction
R-squared. Trendline is OLS. Higher 1, strongly predicts higher prediction R-
squared.

Better prediction is mostly affected by person attributes
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Figure 3: Fach dot is a simulation. X-axis is n.. Y-axis is ML prediction
R-squared. Trendline is OLS. n. and prediction R-squared don’t have a strong
relationship.
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4.2.3 Better ML-prediction does not guarantee more statistical power for de-
tecting treatment effect

See Figure [4]

Better prediction does not guarantee more power
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Figure 4: Fach dot is a simulation. X-axis is ML prediction R-squared. Y-axis
1s the t-statistic for the coefficient of Treat in the Treatment Effect regression.
Trendline is OLS. The t-statistic is mostly determined by nr, not by the pre-
diction R-squared. A few very extreme outliers in t-statistic were discarded.

4.2.4 Distribution compression of ML-Predicted outcomes is not predictive of
treatment effect compression

This is for the same reason - the compression is mostly about 7, where the correct estimated
treatment effect is mostly affected by nr. This is important since some papers (e.g.
[2022]) have proposed to target the compression directly (and even artificially inflate
the predictions) as a method for dealing with the treatment effect being compressed. This
would only work if 7, and 77 are similar, since artificial inflation of the prediction inflates

both. See Figure [5]
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Compression not very informative
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Figure 5: Fach dot is a simulation. X-axis is the compression ratio
StD (predictedOutcome) /StD (actualOutcome). Y-axis is Scaled Treatment Ef-
fect. Trendline is OLS.

4.2.5 Diff-vs-diff regression predicts the scaled treatment effect, when 1, = 7.

When we restrict ourselves to cases where ny = 1., meaning the prediction fits to within-
person variation as well as it fits to counterfactual treatment variation, then our method
of estimating 7, using the diff-vs-diff regression predicts the Scaled Treatment Effect rather
well. See Figure [6] This is to be expected, since the Scaled Treatment Effect is largely
determined by np.
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Diff-vs-diff Regression slope predicts Scaled Treatment Effect
when eta_T = eta_epsilon
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Figure 6: Fach dot is a simulation. X-axis is the diff-vs-diff regression slope
(our estimate forn.). Y-axis is Scaled Treatment Effect. Color is by ny. Dashed
line is y=x. When we restrict ourselves to cases where np = 1., meaning the
prediction fits to within-person variation as well as it fits to counterfactual treat-
ment variation, then our method of estimating n. using the diff-vs-diff regression
predicts the Scaled Treatment Effect rather well.

When our assumption that ny = 7, holds, we can correct the bias in the estimated Scaled
Treatment Effect and arrive at an unbiased estimate of the Treatment Effect:

Unbiased TreatmentEffect = Estimated TreatmentEffect /7). (47)
Importantly, this is only true if we assume 1y = n.. If there is no correlation between nr

and 7., obviously our regression slope aimed at estimating 7. is not helpful at predicting the
Scaled Treatment Effect affected by nr. See Figure [7]
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when eta_T != eta_epsilon, no predictive power

eta T
1 s 00
= 025
.l s 05
08 o - " . = 075
3 t .". * H 10
E -. L] «3° -
g 0.6 . ~ . .
£ % s _} #
m 4. !-
[iF)
E s . o - 4
=] . [ ] .
a . -
[15] [ ]
;i —+
0.2 ry ‘s *w (1]
. L ]
- ™ . .
[ ]
;B I ‘——{—t
[] .
% .
0 0.2 0.4 0.6 0.8 1

Diff-vs-diff Regression slope

Figure 7: Fach dot is a simulation. X-axis is the diff-vs-diff regression slope
(our estimate for n). Y-axis is Scaled Treatment Effect. Trend lines are OLS.
With no restriction that nr = ne, there is no relationship between our estimate
and the Scaled Treatment Effect.

It remains an empirical question what is the typical relationship between 7,, nr, .. We
conjecture that in many contexts ny and 7. will be related, at the very least more related
than nr and 7,. But this remains to be studied in real settings, and it is possible that in
practice some combination of 7,, n. will be a better predictor of 7y than only 7..

5 Generalization to more than 2 time periods

The generalization to more than 2 time periods is relatively straightforward. The decompo-
sition remains the same, except now ¢ can take on more than 2 values, t = 1..7T".

actualOutcome; ; = a + p; + yTreat; ; + €4 (48)
predictedOutcome; ; = a + 1, 1; + nryTreat; s + nee; s + vig (49)
The generalization of the time-differences AX; := X;, — X;; are centered variables,
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denoted by tildes:

N _ 1 &
Xz',t = Xi,t - X, = Xz‘,t - T ; Xi,s (50)
5.1 Estimating 7.
Our regression specification using differences was:
ApredictedOutcome; = fAactualOutcome; + error; (51)
This is equivalent to the specification:
predictedOutcome; , = ; + SactualOutcome; ; + error; (52)

This fixed-effects regression extends unchanged to multiple time periods, so this will be
our specification, and our estimate for 7. remains #. Standard errors for this estimate come
directly from the regression.

5.2 Estimating 7,

This is very similar to the case of two time periods, except now we use not the deltas but
the centered variables, )~(,-7t.

Here too we can perform some algebra to isolate 7, where for ease of notation we replace
predictedOutcome with predOut and actualOutcome with actualOut:

actuélOuti7t = actualOut; ; — actualOut; = y(Treat;, — Treat;) + €, — € = vTréatw + €y

(53)
preciOutm = predOut, ; — predOut, = ’r]T'yTréati,t + Ne€ir + Uiy (54)
We'll now work out the Variance of €;,. First, we’ll rewrite €;
1 o T-1 1
€it = €t — T ; €is =~ it T SZ# €is (55)

But since the errors in different time periods are assumed to be uncorrelated and have
equal variance (if these assumptions do not hold, it requires a separate estimate which exceeds
the bounds of this paper, but can perhaps be done using time-series methods):

Var[é,] = Varfe:,] ((%)2 + <%>2 (T - 1)) _ var[ei,t]% (56)

In a non-treated population:

- ~ T—-1
Cov|[predOut, ;, actualOut; ;| = n.Var|&; ;| = n.Var[e; ] T (57)
Cov|[predOut, ;, actualOut; ;| = 1, Var|u;] + n.Var[e; ] (58)
Var[actualOut; ;] = Var[u;] + Var|e; ] (59)
- T -1
Var[actualOut; ;| = Var[é; ;] = Var[e; ¢ T (60)
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Cov[predOut, ;, actualOut; ;| — Cov[pred~Outi’t, actualOut; ;] = 1, Var|u] (61)

T7—-1

Var|actualOut; ;| — Var[actualOut, ;] = Var[,] (62)

T
T7—-1

Cov|[predOut, ;, actualOut; ;] — %Cov[prechuti’t, actualOut, ,] n, Var[j;]
Var|actualOut; ;| — %Var[actuélOuti,t] ~ Var|u]

= =, (63)

And so the left hand side of this equation is our estimate for 7,. Standard errors can be
estimated using bootstrap, similar to the two-period case.

5.3 Estimating nr

As in the two-period case, estimating 1y requires experimental variation. We run two re-
gressions:

actualOutcome; ; = o + p; + yTreat; ; + €; (64)

This gives us the estimate Yactual — 7. Running the same regression with predictedOut-
come as the dependent variable gives us Ypredicted — N77y. Our estimate for np is then:

Standard errors can similarly be estimated using bootstrap. This approach is identical
to the two-period case, as it does not depend on the number of time periods.

6 Conclusion

In this paper, I have introduced a framework for decomposing ML predictions into three com-
ponents: between-unit, within-unit-across-time, and counterfactual-treatment-effect. The
first two components can be separately estimated with non-experimental panel data. The
third one cannot be estimated absent experimental variation. Often measuring model per-
formance using experimental variation is either impossible (because it is done before the
intervention took place) or infeasible (as it would require a much bigger sample than es-
timating the treatment effect using collected actual outcomes directly, and so defeats the
purpose of a lower cost or a larger sample). This decomposition is therefore useful when
such predictions are used as outcomes in causal analysis. The key findings and contributions
are:

1. T show that overall prediction accuracy is a poor proxy for a model’s ability to detect

treatment effects, as models that fit well to between-unit variation may completely
miss treatment effects, especially when between-unit variation dominates.
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2. I propose a metric based on within-unit variation across time (7.) that better pre-
dicts a model’s ability to capture treatment effects (nr) under certain assumptions. I
conjecture that these assumptions hold in many practical settings.

3. I demonstrate through simulations that under the assumption 7y = 7., we can correct
for bias in estimated treatment effects, producing unbiased estimates.

4. The approach provides a practical way to evaluate ML models for causal analysis
without requiring experimental data for the entire population.

The implications for practitioners are significant. When using ML-predicted outcomes
for causal inference, researchers should not rely solely on overall prediction accuracy but
should specifically evaluate the model’s ability to capture within-unit variation over time.
This criterion could also guide researchers in decisions about model training, for example
including or excluding various features. This approach requires panel data with at least two
time periods but provides valuable insight into which model is likely to perform better for
causal analysis.

Future research should empirically validate the relationship between 7y and 7. across
different domains and data types. Additionally, this work suggests that researchers might
benefit from training models specifically to predict changes rather than levels when the
ultimate goal is causal inference.
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