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A Proofs

Proof of Lemma 1. The decision-maker’s utility equals f(7) if she chooses a = 1 and zero otherwise.

Hence, the maximal utility u(a*) that the decision-maker could guarantee herself if she knew f(7) is

u(a®) = max {f(7),0}.

Since the decision-maker does not know f(7), she follows the decision-rule in equation 4 and chooses

a =1 if and only if f(7) > 0. The decision-maker’s regret is given by
r(7,0(h)) = max {f(7),0} — Pr[f(7) > 0] f(7). (1)
The distribution of treatment effect estimate ﬁj generated in context ¢ with design j is
# o~ N (i + 8, 0%).

Since f(-) is linear, we can write it as

2
flx) = Z bixi,
i=1

where by = by = % yields the cross-context average and by = 1 and by = —1 the difference. The
linearity of f(-) together with the properties of the normal distribution imply that the estimate f(7)

is distributed as follows:

2
f@) ~N (f(T) +£(8(h)), 0 Zb?> :
i=1

f(T) exceeds zero with probability

Prif() > 0] = @ | LT SO0 )

2 2
g i=10;



where @ (-) is the CDF of the standard normal distribution. Plugging this expression into equation

1 and simplifying yields the following expression for the decision-maker’s regret:

e (IO it p(r) >0
r(r,8(h)) = ( 7V 2izth ) (2)

—f(r)® (“’*f“‘“’”) if f(r) <0,

2
g Zi:1 b?

Note that 2321 b? simplifies to By(y=(z14w2)/2 = % for the evidence aggregation and to By(.y—y, —z, =
V2 for the external validity case. Moreover, the decision-maker’s regret decreases in the artifact term
f(8(h)) if f(7) > 0 but increases in f(d(h)) if f(7) < 0. Therefore, the worst regret obtains either
if f(7) > 0 and f(d(h)) takes its smallest possible value or if f(7) < 0 and f(d(h)) takes its largest
possible value. Hence, we can re-write the decision-maker’s choice problem as stated in the result.
Note that 7(7,h) depends on 7 only through f(7). Hence, we can write 7(7,h) = 7(f(7),h).
Next, we show that 7(f(7),h) is strictly quasi-concave in f(7) for f(7) > 0. To do so, we use

74+(f(7)) to denote the function 7#(f(7), h) on the positive domain [0, c0)] and find the first derivative

7 (f(7), h) of this function using the product rule:

—fr)-é() | __ f(7) s —f(r) —8(h)

2 2 2 32 2 42
o Zi:lbi g4/ =107 o Zi:lbi

where we use ¢(-) to denote the PDF of the standard normal distribution.

P (f(7),h) =2

Next, consider the behavior of # (f(7),h) as f(T) — 0. The first term of the sum goes to

_ =0 f(r) —f(r)-d(h) N
o <UW> > 0. The second term T bfgb <0\/Zf1b?> goes to zero. Hence, # (f(7),h) >0

and 74 (f(7)) is increasing as f(7) — 0.

Now we turn to the behavior of # (f(7),h) as f(7) — co. To do so, we note that ®(z) ~ 8(z)

z

Plugging this approximation into the first derivative gives

(tm—aw) (VSRR g
o 2 b2 f(r)+4d(h) J\/@



Now, it is easy to see that 7/, (f(7), h) approaches zero from below as f(7) — oo, since the term in the

brackets tends to negative infinity and ¢ (W) — 0. Hence, #, (f(7),h) <0 and 7 (f(7)) is
o i=1%

decreasing as 7 — 00.

The previous two facts imply that 7/, (f(7), h) must cross zero at lest once on [0, 00). We will now

show that this crossing is unique. To do so, we find the second derivative of 7 (f(7)) w.r.t. f(7):

2 _ D+ F(E()))?
(GRS (ORI v R o v
V2mod (Z?:l b?)

This expression is negative whenever f(7) (f(7) + f(8(h)) — 2322, b?0c < 0. This expression is a

i=1"1

quadratic in f(7) with two roots:

2
ﬂﬂ1=bf®WD—\8ﬂ§:@+f®MD2

=1

2

(=f(8(h) + |80% D b + f(3(h))?

\ i=1
It is easy to show that f(7); < 0 and f(7)2 > 0. Hence, we have shown that 7| (f(7),h) crosses
zero only once within [0,00). In particular, it is the case that #_(f(7),h) first decreases as long as
0 < f(r) < f(7)2 and then increases once f(7) > f(7)2. It follows from this and from the fact
that 7, (f(7)) tends to a positive constant as f(7) — 0 and to zero from below as f(7) — oo that
™ (f(7), h) crosses zero a single time on [0, 00). This completes the proof of #(f(7), h) being strictly
quasi-concave in f(7) for f(7) > 0. By symmetry, it follows that #(f(7), h) is strictly quasi-concave
in f(7) for f(r) <0.

We have thus shown that there exists a unique value f(7) > 0 such that #(f(7)) = max s,y s(r)>0 7(f(T), h)

and a unique value f(7) < 0such that 7(f(7)) = max () s(r)<o 7(f(7), h). Hence, maxyy #(f(7),h) =

max {f(M),f(m)} This maximum is not unique if 7#(f(7)) = 7#(f(7)).

Finally, the above steps imply that



(<8 1) = ) ~ )

{T*GR2Lﬂ7)e{ig}?G§}} if #(f(7)) = #(f (7))
{T*ER2|f(T):M} i S(F()

argmax (7T, h) =
T

where linearity of f(-) implies that 7* exists and that it is generally not unique

Proof of Proposition 1. For the cross-context average as an estimand, we have

&1 if h=1
f(8(h))

Wtl if h=0.

Ny
Following equation A, the estimate f(¥) = % is thus distributed as follows
e N (2 40,5) ifh=1
N (T1+7'2 + 51+52 02) ifh=0.

Moreover, we have f(§™™(1)) = § and f(6™**(1)) = 6. Hence, the decision-maker’s maximum regret

under harmonization is

T +‘r
7’1+72 < ! ) if T1+T2 >0
2 pu 2
R(1) = max7(7,1) = /\[

T 7'1+T2(I) TlerT if T1I+T2 < 0 (3>
if /5= <0.

Under research design diversity, we have f(6™**(0)) = 3+52_A =6 — 5 and f(6™"(0)) = CRERE
o+ %. Hence, the decision-maker’s maximum regret is given by

T1+T
7'1+7'2(I) 7%*é*% if T1+7T2 >0
2 o2 2

T1+72 +gié (4)
fﬁ;Tzq) < 20/\/5 2 ) if 7—1-572 <0.

Comparing equations 3 and 4, it is immediately obvious that the decision-maker’s regret under design




harmonization 7(7,1) always exceeds her regret 7(7,0) under design diversity.

Proof of Proposition 2. For the cross-context difference as an estimand, we have

0 if h=1
f(o(h)) =
51 —0 ifh=0.

and hence the estimate f(7) =7/ — %g is distributed as follows:

_ 2) ifh —
RN N(’Tl 72,20) fh=1
1 2

N (11— T2+ 61 — 82,202) if h = 0.

Because harmonization holds artifacts constant across studies, we have f(6™"(1)) = f(6™*(1)) = 0.

Hence, the decision-maker’s regret is

(7’1—7’2)@(_(\7/15_;2)) ifrm—m>0

(11 —12)® (—Ti/%f) if g —m <0.

R(1) = max7(T,1) =

T

(5)

Under design diversity, we have f(6™®(0)) = § — ¢ and f(6™*(0)) = § — §. Hence, the decision-

maker’s regret is

(7’1 — 7’2)@ (—7(7-17;/2\)5@75)) if T — T2 > 0

(11 —12)® (771—07/2;53@) if 1 — 71 <0.

R(0) = max7(7,0) =

T

Harmonization is obviously preferred.

Proof of Proposition 3. Given the new decision-rule, the decision-maker’s regret is

r(7,8(h), ¢) = max {f(7),0} = Prf(T) > o f(7). (7)



Since the estimate distribution remains identical, we have

fr)+ F(8(h)) — ¢

)]
2 2
0\ 2ui=1 b;

Prif(t)>c]=9

and so the decision-maker’s regret is

f(r)® (“T”“(h”> it f(r) >0
r(r,8(h),c) = Y2z (8)

~f(r)e (f Pon @“3};0) if f(r) <0,
=1 "4

and, as before, the decision-maker’s choice problem can be rewritten as

U\/E?ﬂ b%
(o (f(f)+f(5’“’°"‘(h))—6> if f(7) <0.

() <c—f(T)—f(5mi“(h))> if () > 0

rzlin R(h,c) where R(h,c) = max (T, h,c) =

(9)

U\/Z?:l b?

It is easy to show that, for a given ¢, lemma 1 remains trues. It follows from equation 9 that the
presence of ¢ does not alter how the decision-maker’s maximum regret under harmonization compares
to that under research design diversity for a given f(-), as long as the decision-maker uses the same
cutoff ¢ in both cases.

Next, we show that the decision-maker’s optimal choice of ¢ does not vary with her harmonization
choice h. 7(7, h,c) decreases in ¢ if f(7) < 0 and increases in ¢ if f(7) > 0. This behavior is intuitive.
If f(7) <0, the right decision is a* = 0. Using a larger cutoff makes it less likely that the decision-
maker implements a = 1 for a given f(7) and hence regret decreases in ¢ if f(7) < 0. Conversely, if
f(7) > 0, the optimal decision is a* = 1. Hence, regret increases in ¢ if f(7) > 0. Thus, increasing ¢
makes the decision-maker worse off if f(7) > 0 and better off if f(7) < 0. The optimal cutoff obtains

when these effects balance each other out.
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Figure A1l: The decision-maker’s regret as a function of f(7) for different cutoffs ¢
Dashed lines indicate the location of R(h, ¢) = max, #(7, h, c). Plotted for o4/332_, b2 = 2, f(6™"(h)) = —0.5, f(6™**(h)) = 0.7.

i=1"4

Figure A1 illustrates this intuition. The left panel shows that, in this example, a decision-maker
who uses a cutoff of ¢ = —0.3 has incentives to increase this cutoff. The reason is that her maximum
regret obtains when f(7) < 0 and this maximum regret decreases as she increases ¢. However, in
doing so, the decision-maker also increases the largest regret that she can experience if f(7) > 0.
Once the decision-maker hits ¢ = 0.1, the maximum regret for the case where f(7) < 0 equals the
maximum regret for the case where f(7) > 0. As shown in the right panel, the decision-maker has
no incentives to increase ¢ beyond this point. Doing so would shift the decision-maker’s maximum
possible regret to the case where f(7) > 0 and increase it beyond that which obtains at ¢ = 0.1.
Hence, in this example the optimal cutoff is ¢* = 0.1.

The case in which the worst-case regret for f(7) < 0 equals the worst-case regret for f(7) > 0
arises whenever the decision-maker choose ¢* such that the function 7(7, h, ¢) is symmetric around

the origin in f(7).! It is easy to see from equation 9 that this symmetry arises whenever

o = T 1 ™) 0)

"While difficult to show analytically, this result can easily be verified numerically.

h,c=0.3

)
)
)
)
)



Plugging the values for f(6™®(h)) and f(6™#*(h)) that we derived for different estimands and har-

monization choices in the previous sections into equation 10 yields ¢* as given in the proposition.

Proof of Proposition 4. A study in context ¢ with design j now produces an estimate of the effect
T; given by

Aij =7 4 wd + (1 fw)nf + €.

Assuming as before and w.l.o.g. that harmonization means using design 1 for both studies, while
diversity means using design 1 in context 1 and design 2 in context 2, the choice between diversity

and harmonization becomes a choice between the following two vectors & of design artifacts:

wél + (1 —w)n,wdt + (1 —w)nd) ifh=1,
5(h) = ( ' 2

(w51 + (1 —w)nt,wd? + (1 - W)U%) if h=0.

Let’s first consider the evidence aggregation case where f(7) = TIJFTT? Plugging in the worst-case arti-
facts, it is easy to find the largest possible shift f(6™®(h)) and the smallest possible shift f(8™"(h))

of the location of the estimate distribution under harmonization and design diversity:

wd + (1 — w) i if h=1,
f(8™(h)) = B o
w ((5 - %) +(1- cu)i’h;n2 if h=0,
and
| wi+ (1 —w)liit ifh=1,
f(6™"(h)) =

wE+2)+(1-w)i ifh=0.

These expression show that the largest possible shift of the estimate distribution is bigger and
the smallest possible shift is smaller under design harmonization than under design diversity, i.e.
f(8™ (1)) > f(6™(0)) and f(6™™(1)) < f(6™™(0)). These inequalities are strict as long as

w > 0. The result follows directly from these facts in combination with equation (7) in the main text.

Next, consider the external validity case where f(7) = 71 — 72. The largest and smallest possible



shifts of the location of the estimate distribution are given by

f(8™m(h)) = (1-w) (ﬁl B Qg) ifh=1,
w®-08)+(1-w)(m-n,) ifh=0,

and
F(™m(h)) = (1-w) (ﬂl *ﬁz) ith=1,

w(@—0)+(1-w) <Ql—ﬁ2) if h=0.

Here, the largest possible shift of the estimate distribution is bigger and the smallest possible shift
is smaller under design diversty than under harmonization, i.e. f(6™%*(0)) > f(6™*(1)) and

f(8™™(0)) < f(6™™(1)). As before, these inequalities are strict as long as w > 0. Again, the

7

result follows directly from these facts in combination with equation (7) in the main text.

Proof of Proposition 5. With N > 2 contexts, the decision-maker’s regret still takes the form of
equation (2) in the main text and her decision-problem can still be written as in equation (7), but
the vectors 7, 8(h), 6™*(h), and ™" (h) are now all N-dimensional, storing one treatment effect or

(worst-case) design artifact for each of the N contexts, and the sum in the denominators of the two

expressions is taken over all N contexts. The variance of the estimates f(7) is now given by 02% in

the evidence aggregation and by 02% in the external validity case, but, as before, does not impact

the decision-maker’s choice between diversity and harmonization.

N
i1 Ti
N

Let’s first consider the evidence aggregation case where f(7) = . Harmonization introduces
design artifact §' in all contexts. Hence, the worst-case regret obtains if # < 0 and design 1
induces the largest possible artifact § in all N studies or if % > 0 and design 1 induces the
smallest possible artifact & in all N studies, i.e., f(§™"(1)) = § and f(d™*(1)) = 6.

If the decision-maker diversifies, she uses design 1 in n(!) contexts and design 2 in the remaining
N —n) contexts. Suppose first that n") < & Since the decision-maker uses design 2 in weakly

2

more contexts than design 1, the largest possible shift in the estimate distribution occurs if 62 = §

and 0! = § — A, ie., f(6™(0)) = (N_”m)g;\?"(l)(g_A) =0 %A. By the same logic, the smallest

possible shift in the estimate distribution occurs if 62 = § and 6! = § + A, ie., f(6™(0)) =



—_nM 1) 1 . . .
(N—n )QJJ\F,” @+A) — 5+ %A. The case in which n®) > 4 is analogous. In summary:

5 ifh=1
f((smin(h)) =930+ ”](\;)A if h=0and n(t) < % (11)
é—i—N_J(}(l)A if h =0 and n(1)>%,
and
0 if h=1
FO"(n) =95 -2 A ifh=0and nM < ¥ (12)
§—N=pBAif p =0 and n® > &

Regardless of the number n(!) of contexts in which the decision-maker uses design 1 under diversifi-
cation, the largest possible shift of the estimate distribution remains larger and the smallest possible
shift remains smaller under design harmonization than under diversity: f(6™*(1)) > f(6™**(0)) and
f(6™n(1)) < £(6™™(0)). Hence, the decision-maker’s regret under harmonization always exceeds her

regret under diversity and so the decision-maker finds it optimal to diversify.

As long as n(M) < X, f(6™%(0)) decreases and f(6™"(0)) increases in n. Once nM > ¥

f(6™2(0)) increases and f(6™(0)) decreases with n("). Hence, the decision-maker can minimize her

maximal regret under design diversity by setting n(\)* = %

Turning to the first of the two external validity estimands, suppose for concreteness and w.l.o.g.

that the decision-maker’s estimand is the difference between the treatment effect in context 1 and all

Zz]'v:Q Ti
N—

other contexts: f(1) =1 — . Moreover, assume the decision-maker uses design 1 in context 1

as well as in n(Y) — 1 other contexts, and design 2 in the remaining N —n(!) contexts if she diversifies.

In this case, the largest and smallest possible shifts of the estimate distribution are as follows:

: 0 ith=1
f(8™ () = (13)

g — ODS RSy g

10



and

0 ifh=1
FE™ () = (14)

5 — DN g — o,

As before, if the decision-maker harmonizes, design artifacts difference out and the estimate distri-
bution is centered on the quantity of interest, i.e., f(6™"(1)) = f(6™™(1)) = 0. The same will
not be true if the decision-maker diversifies, since f(6™7"(0)) < 0 and f(6™*(0)) > 0. Hence, the
decision-maker prefers harmonization. The case where the decision-maker uses design 2 in context 1

and in N —n™ — 1 other contexts and design 1 in the remaining n(}) contexts is analogous.

N
Zi:l T _ Zi:nx+1 Ti
nx N—nx

Finally, consider the second external validity estimand: f(7) = . It is straight-
forward that harmonization, as for the previous estimand, leads design artifacts to cancel out such
that the estimate distribution is always centered on the estimand of interest. If the decision-maker

diversifies, the shift of the estimate distribution is given by:

£(8(0)) = [x6" + (1 — €x)0%] — [&v0" + (1 — &)o7]

= (6" = 8%) (&x — &)

It follows that the largest and smallest possible shifts of the estimate distribution given the decision-

maker’s harmonization choice are given by:

0 ifth=1

, 0 if h=0and £x = &y
f(8™"(h)) = (15)
é—g ifh:()andf)(>fy

0—90 ifh=0and{x <&

11



and

0 ifth=1

0 if h=0and £&x =&y

f(0"(h)) = (16)
0—¢6 ifh=0and &x > &

§—0 ifhannde<£y.

It is immediately obvious that £x = & implies f(8(0)) = £(6™*(0)) = £(6™"(0)) = 0, which implies
that R(0) = R(1), i.e., the decision-maker is indifferent between harmonization and diversity. Since
the decision-maker uses design 1 in n(!) contexts, this case requires £x = &y = % and that nx and
ny are divisible by % Moreover, it is easy to see from the expressions below that f(§™"(0)) < 0

and f(0™*(0)) > 0 when &x # &y. Hence, in this case R(0) < R(1), and the decision-maker prefers

harmonization.

Proof of Proposition 6. The decision to harmonize now entails not a choice of a vector of design
artifacts but of a vector a?(h) of variances, where the first element refers to the variance of €; and

the second element to the variance of es:

(0(1)2,0(1)2) ifh=1
o*(h) =

(0M2,622) ith=0

The decision-maker faces the following decision-problem:

min R(h), where R(h) = max r(7,02(h)). (17)
h T,02(h)

Equation 2 implies the decision-maker’s regret increases in the variance of the estimate distribution.
Hence, the decision-maker seeks to minimize the largest possible variance. Under harmonization, this

worst-case obtains if design 1 has the largest possible variance 2. Hence, the decision-maker’s regret,

12



for any estimand f(7), is

b2

i=1"4

fr)e | L if f() >0
R(1) = max7(T,1) = ( )

T

(18)
—f(T)® (%) if f(r) <0.

i=1"4

The worst case under design diversity arises if one research design induces the largest possible variance
&2 and the other one a variance of 7> — A,. In case where the estimand f(7) is such that one study
receives a different weight b; than the other, the worst cases arises if the study with the greater weight
— in absolute value — receives the design with the greater variance. The decision-maker’s regret in

this case is given by

R(0) = max7(7,0) = =10 1,2} Ay 19)
i — f(7) .
f(T)q) ( 72 12:1 b?_min{bl,b2}2Ag> if f(T) < 0.

It follows that the decision-maker always prefers design diversity.

Proof of Lemma A1l. Consider first a decision-maker with the utility function given in equation
29. The decision-maker will choose a = 1 whenever her posterior mean belief m(h) =E [0 | 7] about
0 after seeing the results of the two studies exceeds her prior E [f] about this estimand. Hence, prior

to seeing the study estimates, the decision-maker’s expected utility is given by

V(h) =Pr(m(h) >EI[0))E[0 | m(h) > E[0]]

+Pr(m(h) <E[))E6] (20)

Since the decision-maker decides whether to harmonize prior to seeing the study estimates, m(h) is a
random variable at the time of decision-making. Standard results (Schlaifer and Raiffa, 1961) imply

that

m(h) ~N (E [9] > Uprior — 'Upost(h)) ) (21)

where vy is the variance of the decision-maker’s prior belief about 6.

13



It follows that m(h) exceeds E [¢] with probability 3. Moreover,
E[0 | m(h) > E[0]] = Ez [m(h) | m(h) > E[6]],

where E;[-] is taken only over the possible estimates 7. Substituting these quantities into equation
20 and relying on the properties of a truncated normal distribution, we can now write the decision-

maker’s expected utility as follows:

V(h) = % (E [0] + 1/ Vprior — Vpost(h) i) + %E [6]

) [0] \/Upm'or ;;post(h) ‘ (22)

Equation (22) implies that V(1) > V(0) if and only if vpost(1) < vpost(0).

Second, consider a decision-maker with the utility function given in equation 30. DeGroot (2005,
chap. 11.2) proves that the decision-maker’s expected loss under a squared error loss function is equal
to the expected posterior variance. To see why, note that the decision-maker’s optimal choice e* after

observing 7 is e* = E[# | 7] = m(h). Hence the decision-maker’s expected utility is
V(h) = =E [(0 —E[0 | #))] = ~E [vpost(h)] = ~vpost(h).

The last equality follows from the fact that the posterior variance does not depend on the realization

of 7. Hence, again, V(1) > V(0) if and only if vpost(1) < Upost(0).

Proof of Proposition Al. First, let § = 7. We derive the variance, vpos(h), of the decision-
maker’s belief about 7 using theorem B.7 in Greene (2011). Specifically, let x; = 7 and x2 = 7. The

variance-covariance matrix of x; and x2 under harmonization is given by

Ur Ur Uy
2(1): Ur UT+U+U6+U2 Vr + Vs
Uy Vr + Vg v7+v+05+02

14



The variance-covariance matrix of x; and x5 under design diversity is given by

vy vy vy
2(0): Ur UT—|-1)+U5—|—0'2 Uy
vy vy vy + v 4 vs + o2

The theorem implies that the posterior variance under harmonization is given by

Vpost(h) = T11 — 12(Zaa(h)) 2oy, (23)
where it follows from X(h) that
212 - |:U7— ’UT:| )
211 = Ur,
v
So=| |,
Ur
v7+v+v(g+02 Vr + Vs
3ao(1) = ;
vy + Vg vy + v+ v5 + o2
and _ -
Vr + U+ v5 + o? Vr
Y99(0) =
vy vy + v+ v5 + 02

Simplifying equation 23 yields

(02 4+v+2vs)vr . _
o2 4+v+2(vs+vr) ith=1

tpon (1) = 77 (24)
(o2 +v4vs)vr . .
0’2+7)+7J5i21)7— it h=0
Equation 24 implies that vpost(1) > vpost(0).
Second, let § = % We again derive the variance, vpost(h), of the decision-maker’s belief
about 71372 using theorem B.7 in Greene (2011). Specifically, let x; = 71‘2”2 and xo = 7. The

15



variance-covariance matrix of x; and xo under harmonization is given by

UT+% /U’T_'_% ’U'r—i_%
(1) = UT+% vT+v+05+02 vy + Vg
vr+ % vy + Vg vy + v 4 vs + o2

The variance-covariance matrix of x; and x5 under design diversity is given by

vr+ 3 vr+ 3 vr+ 3
20)= v, +% vr+v+us+ o vy
vr+ % vy vy + v+ vs + o2

Plugging the relevant sub-matrices into equation 23 and simplifying yields

(0242vs) (v+2v7) ifh=1
2(c24+v+2(vs+vr 1 -
Upost(h) — (( i + ';‘( ( 62"!‘ ))) (25)
o“+vs ) (v+2v0, . _
2(02—1—5—&-@54—21}7) ifh=0

Equation 25 implies that vpost(1) > vpost(0).

Proof of Proposition A2. Let § = 71 — 1. We again derive the variance, vpos(h), of the decision-

maker’s belief about 7142-72 using theorem B.7 in Greene (2011). Specifically, let x; = 71 — 75 and

X9 = 71 — T9. The variance-covariance matrix of x; and x5 under harmonization is given by

2v 2v

20 2(v+ 0?)

The variance-covariance matrix of x; and xo under design diversity is given by

2v 2v

20 2(v+ 0%+ vy)
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Plugging the relevant sub-matrices into equation 23 and simplifying yields

202 ifh=1

o2+

Vpost(h) =
o tvs) e
o“+v+tuvs

Equation 26 implies that vpost(0) > vpost(1).

B Additional figures

-6 -3 0 3 6
T1+72
2

Figure A2: The decision-maker’s regret as a function of the cross-context average effect

(26)

— h=0
- h=1

Dashed lines indicate the location of R(h) = max, (7, h). Note that 7(7, h) depends on 7 only through f(7) = % Plotted

for 02 =26 =-0.56=0.8.
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T — T2

Figure A3: The decision-maker’s regret as a function of the cross-context difference in effects
Dashed lines indicate the location of R(h) = max, 7(7,h). Note that #(7, h) depends on 7 only through f(7) = 71 — 72. Plotted
for 02 =8,8 =—0.5,6=0.8, A =0.5.

C Design artifacts under the classical test theory framework

How can we think about design artifacts being generated on the unit-level? The idea that a test
or an item captures an underlying concept with error is key to the literature on measurement. As
an example, we here provide one micro-foundation of design artifacts using a measurement error
framework in the spirit of classical test theory (Lord and Novick, 2008).

Let us focus on a single context ¢ and index the m; units in this context by [ with [ = 1, ..., n;.
Let z; € {0,1} denote the treatment status of unit [ in context 7. Invoking the stable unit treatment
value assumption (SUTVA), we write unit I’s potential outcomes as y;(z;). The average treatment

effect (ATE) in context i is
7i =B [ya(1) = ya(0)] = > ya(1) — ya(0).
=1

Assume that potential outcomes can never be directly observed but can be measured. When using

outcome measure j, the measurable potential outcomes are given by

ﬂfg = Mya(zu) + l/f'l(zil),
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where M € R is a measure-specific scaling factor and Vf'l(zil) € R a measurement error that may vary
across units and with a unit’s treatment status. A classical way to conceptualize measurement validity
in this framework is the correlation p (yil<2»il),ggl<2il)) between actual and measurable potential
outcomes. Given outcome measure j, the measurable ATE is

H = E [7(1) - 750)] = N7+ E [1(1) - (0)].
Let’s say the decision-maker uses a difference-in-means estimator to estimate 7;. We can then write
the difference-in-means estimate that the decision-maker obtains as

7 = T + [(/\jTi —7)+E V,]l(l) B Vz]l(o)” T,

(2

57

k3

where €; is an error term that is approximately normally distributed given the finite population CLT.

For purposes of exposition, our main analysis assumes that artifacts of the same design are
constant across contexts, i.e., 5{ = 5% = ¢7. The fairly simple measurement error model presented in
this section shows this assumption is restrictive. First, if M # 0, artifacts may differ across contexts
because contexts may differ in terms of treatment effects. Second, the errors Vijl(zil) may vary across
contexts for different reasons. First, Vfl(zll) may vary with context-level features. For example,
cultural norms may create social desirability bias in some contexts but not others. Second, uz.jl(zil)
may vary with individual-level characteristics — say, social desirability bias is more severe among
educated individuals — and the distribution of these characteristics may vary across contexts.

We stress that we do not make this assumption because it is realistic but to make the contrast
between design diversity and harmonization stark. In section 5.4 of the main text, we show that
our results generalize to a setting in which harmonization introduces an imperfect correlation across
design artifacts rather than holding them constant. What is required for our results to be relevant
to real world contexts is not that artifacts of the same design are identical across contexts but that
using the same operationalizations across studies induces some cross-context dependence in artifacts.
In other words, using a given design j across contexts needs to produce artifacts 5{ and 5% that are
closer together than the artifacts 5{ and 5{ that would result if we used design j in context 1 and

design j' in context 2.
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D Joint tests rather than direct aggregation

Assume f(7) = 1{m > 0AT > 0}A—1{n < 0V7 < 0}B, where A > 0 and B > 0. Given the utility
function in equation 2, this specification of f(7) implies the decision-maker wants to choose a = 1 if
and only if 7y > 0 and ™ > 0. To aid her choice a, the decision-maker conducts an intersection-union

test of the composite null hypothesis

Hy : Hy1 U Hpa, for which Hyq: 7 <0,Hpo:m <0.
against the alternative

Hy : Hiy3 N Hyg, for which Hyj : 7 > 0,Hp2: 7 > 0.

The decision-maker rejects the composite null hypothesis only if both individual tests reject the
respective component null hypothesis, i.e., yield a p-value that is smaller than the desired type-I

error rate a. To conduct this test, the decision-maker constructs the following test statistics

Y .
7 =L and 72 =
1= 2

)

Q>‘wﬁ.

where ¢ is the decision-maker’s consistent estimate of the standard deviation o of the study estimates.
The decision-maker rejects the composite null hypothesis and implements a = 1 if and only if Z{ > Za
and Zg > 2o, Where z, is the « critical value for the standard normal distribution. In the absence
of design artifacts, this procedure yields an asymptotically valid test. In particular, Berger and Hsu
(1996, Thm. 1) show that this test has size (i.e., Type I error rate) « if the component tests have size
a. Of course, the decision-maker in our case has to contend with the possibility of design artifacts.
Since the two tests are independent, the probability that the decision-maker chooses a = 1 equals
Pr [Z{ > za} X Pr [Z% > za] We consider the sample-asymptotic properties of the joint test. The

TZ-—',-(S{
g

asymptotic probability that Zg > 2z 18 O — Za). It follows that the decision-maker’s regret
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under harmonization is given by

Afl-o (28 —z) @ (2 —2)) ifn>0Am>0

r(r,6(1)) = (27)
B@(#fza)@(%‘slfzoJ if 1 <0V <0,
while regret under diversity is given by
Aft-o(nt — ) o (2 —2)) ifn>0An >0
r(7,6(0)) = (28)

Bo (25— )@ (25 - 2, it <0V <O0.

It is straightforward to see from equations 27 and 28 that the decision-maker will prefer research
design diversity over harmonization. The reasoning is identical to the case of evidence aggregation in
the form of the cross-context average effect. Research design diversity guards against the worst case
of two estimates that are heavily biased in the same direction.

In the two-context case that we consider here, the intersection union test is equivalent to the
partial conjunction test in Egami and Hartman (2023). For situations with three or more contexts,
the difference between the two tests becomes meaningful. The partial conjunction test pertains to
a hypothesis about the share of contexts in which the effect has a given sign. Hence, in this case,
the decision-maker’s regret would be defined in terms of all the different combinations of estimates
that could lead one to reject the null hypothesis. The resulting expressions would resemble those in
equations 27 and 28 but would take into account the set of possible estimate combinations for which
the decision-maker would reject the null hypothesis. In other words, our conclusion that research

design diversity is beneficial extends to aggregation through the partial conjunction test as well.
E A Bayesian framework

Consider a superpopulation of contexts where context-level treatment effects 7; are drawn from a
common normal distribution

Ti NN(T7U)7

with mean 7 € R and variance v > 0. In meta-analyses, researchers are typically interested in learning
about 7, but may also learn about v. Since a framework with unknown v does not allow for closed-

form solutions, we assume, for simplicity, that v is known and focus on inferences about treatment
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effects as in our minimax regret framework. The decision-maker observes neither the average effect
7 nor context-specific effects 7;. Her prior beliefs about 7 are given by N (i, v;), where p € R is the
mean and v, > 0 the variance.

Assume w.l.o.g. that the decision-maker runs her two studies in contexts 1 and 2. To align the

T1+72

- and the difference

analysis with our main results, we focus on the same estimands — the average
T — To in treatment effects across studied contexts. We also consider the population average effect
7 as the more conventional meta-analysis estimand for evidence aggregation. 7 could also be of

interest, because it would be the decision-maker’s prediction for the intervention’s effect in some

context k ¢ {1,2} that has not been studied:

Elm | 7] =E[r[7].

Since the estimand can now be either a function of the effects in the study contexts or a parameter
of the superpopulation model, we introduce # as generic notation for the decision-maker’s estimand.

The process that generates study estimates and the model of harmonization remain the same, but
the decision-maker now has prior beliefs about design artifact 4/ for j € {1,2}, which are given by
87 ~ N (d,vs), where d € R denotes the mean and vs > 0 the variance. Since, the decision-maker’s
prior beliefs are identical across designs, she has again no a priori reason to prefer one design over
the other. This assumption resembles our notion of ambiguity-equivalence in the minimax regret
framework.”

We consider two utility functions.® First, assume the decision-maker, as in our main framework,

derives utility from a binary choice a € {0, 1}:

E[0] ifa=0
u(a; 0) = (29)

0 ifa=1,

where E [0] denotes the decision-maker’s mean prior belief about 6. As before, the decision-maker

is motivated to learn since she would like to chose a = 1 if and only if 6 is large enough. Setting

2 As before, the decision-maker knows the variance o2 of the statistical noise €;. Note that the decision-maker can
estimate this variance from the data, since this variance is not impacted by the research design.

3Since harmonization (diversity) leads to a mean-preserving spread of the posterior distribution for the evidence
aggregation (external validity) estimand(s), our results will generalize to any decision problem in which the decision-
maker’s utility depends on the true value of the respective estimand (Blackwell, 1953).
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the utility of a = 0 equal to the decision-maker’s mean prior belief simplifies the analysis, because
it makes the decision-maker indifferent between choosing @ = 1 and a = 0 absent new information.
Hence, new information about 6 always impacts the decision-maker’s choice. If the utility of a = 0 is
not tied to the decision-maker’s prior belief, this prior belief may dictate the decision-maker’s choice
even in the presence of new information.

Second, we consider a decision-maker who chooses to report an estimate e € R of 6 in order to

minimize the following squared-error loss function:

u(e;0) = — (0 —e)?. (30)

Our decision-maker chooses whether to harmonize, h, and makes her choice of, respectively, a or e,
to maximize her expected utility.

Regardless of her utility function, the decision-maker ends up minimizing the variance vpost(h) =
Var(6 | 7) of her posterior belief about the estimand 6. wpos(h) depends on the decision-maker’s
harmonization choice h, because harmonization changes the distribution of the estimate vector 7. As
standard in normal-normal learning problems with known variance, vpost(h) does not depend on the
realization of 7. Hence, vpost(h) is also the decision-maker’s expected posterior variance at the point

in time when she makes her harmonization choice, i.e., prior to the realization of 7.

Lemma A1l. For a given estimand 0, the decision-maker prefers to harmonize if and only if vpost(1) <

/Upost(o) .

The first two panels of Figure A4 illustrate our first result. Like in our minimax regret framework, a
decision-maker who seeks to aggregate evidence prefers design diversity to harmonization, irrespective
of whether the estimand is the average effect across the study contexts or the superpopulation average

effect.

T1+T2
2

Proposition Al. For 0 =7 and 0 = , Upost(1) > Upost(0) and hence h* =0, i.e., the decision-

maker prefers research design diversity.

The intuition is similar but not identical to that in the minimax regret framework. Here, design
harmonization induces a correlation across the study estimates 77 and 7» that stems from a source

other than the cross-context correlation in treatment effects ;. By using different designs across
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studies, the decision-maker can avoid this correlation. Intuitively, two independent signals about the

estimand contain more information than correlated ones.

T —Tlgm T — Ty

0.8 -
=
~£0.7 — h=0

3 _

S --- h=1

0.6+

0.5+

0.0

Figure A4: The variance of the decision-maker’s posterior beliefs as a function of her estimand, harmonization
choice and the cross-context variance in treatment effects
Plotted for vs =1, 02 =1, v, = 1.

The third panel in Figure A4 shows that, as in our minimax regret framework, the decision-maker
prefers to harmonize if her estimand is the cross-context difference in effects. The rationale is the
same. Harmonization holds design artifacts constant across context, thereby allowing the decision-

maker to isolate cross-context differences in treatment effects.

Proposition A2. For 0 = 71 — T2, Upost(0) > vpost(1) and hence h* = 1, i.e., the decision-maker

prefers research design harmonization.

F Imperfectly correlated artifacts under harmonization in the Bayesian frame-

work

Suppose in our Bayesian framework that research design j induces design artifact (5? when used in
context ¢. Moreover, assume that the decision-maker’s prior beliefs are that 5{ and 65/ are independent

if j # 7', i.e., as before, the decision-maker’s prior beliefs under design diversity are

51 N d’U(sO
63 d 0 ws
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However, when j = 5/, the decision-maker expects the two design artifacts to have covariance ks € R

with 0 < ks < vs. Hence, under harmonization, design artifacts are distributed as follows:

)

—i—

d Vs K§
~N ,
5% d Ks Vs
If ks = v, the decision-maker expects a given research design to introduce perfectly correlated
artifacts across contexts as in our main framework. Harmonization leads to imperfectly correlated

design artifacts as long as 0 < ks < vs. For k5 = 0, design artifacts are completely independent

across contexts even under harmonization.

0.25
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Figure A5: The difference between the posterior variance under design harmonization and diversity as a
function of the cross-context covariance in design artifacts under harmonization
Upost(1) is the posterior variance under harmonization, vpost(0) is the posterior variance under diversity. The decision-maker

seeks to minimize the posterior variance. vs =1, 02 =1, v, =1, v = 2.5.

As a result of these changes, the covariance of the two study estimates 7{ and 77 under har-
monization is now given by v, + ks instead of v, + vs. Similarly, the variance of the difference in
estimates under harmonization 7{ — 72 now becomes 2(v + 02 + vs — k) instead of 2(v + 02). The
decision-maker’s posterior variance under diversity remains identical regardless of the estimand, while

the posterior variance of the estimand under harmonization changes. Using the same approach as

that in the proofs of propositions Al and A2, we find the posterior variance under harmonization
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takes the following form depending on the estimand:

(k50> +v4vs)vr e
K02 4+v+vs+2v, if § = T
2
v 1) = (ks+0°+vs)(v+2v7) : _ 1147 31
post( ) 2(ks+o2+v+vs+2v,) it 6 = 2 ( )

20(—ks+o24vs)
—ks+o24v+tus

if0=m —m.

Using the expressions for vp,s:(0) in equations 24 and 25 in the proof of proposition Al, it is easy to
show that for both 6 = 7 and 6 = %, we have Upost(1) > Upost(0) and that this inequality is strict
if and only if k5 > 0. In other words, for the case of evidence aggregation, the decision-maker strictly
prefers design diversity as long as there is some covariance in design artifacts of a given design across

contexts. Otherwise, she is indifferent. It is also the case that a(vp“t(g;sv”‘m(o)) > (0, i.e., the difference

in the posterior variance under harmonization and diversity and hence the decision-maker’s relative

preference for design diversity increases the greater the cross-context covariance in design artifacts.

Results for the case of external validity assessments are equivalent: Using the expression for vpes(0)

in equation 26 in the proof of proposition A2, we find that for § = 71 — 72, Vpest(0) > vpost (1) and that
O(Vpost (1)=vpost (0))

this inequality is strict if and only if k5 > 0. Moreover, s < 0, i.e., the decision-maker’s

relative preference for harmonization becomes stronger the greater the cross-context dependence in

artifacts of a given design. Figure A5 illustrates this result.

G Research design as both bias and sampling variance

What happens if research design j introduces both design artifact 6/ and variance 0(?)2? We maintain
the same assumptions about ambiguity and ambiguity equivalence about these parameters that we
have made throughout and consider a decision-maker who faces the following decision-problem:

mhin R(h), where R(h) = T’J(I}%?;(Q(h)T(T, d(h),a%(h)). (32)

In the presence of design artifacts and design-specific variance, there are more cases to consider
because the decision-maker’s maximum regret can increase or decrease with the variance of the
estimate distribution. Inspecting equation 2 in the main text, we see that whenever the numerator
of the fraction inside the CDF of the standard normal distribution is negative, regret increases in the

variance of the estimate distribution. Conversely, whenever the numerator of the fraction inside the
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CDF of the standard normal distribution is positive, regret decreases with this variance. The latter
case arises whenever the estimates are severely biased in the direction of the wrong decision. For
example, if f(7) is positive, such that the optimal decision is a* = 1, and f(d(h)) is so negative that
—f(T)—f(d(h)) > 0, then the decision-maker prefers a more variable design to a design that produces
estimates that are tightly concentrated around a negative mean. It follows that if the numerator of
the fraction inside the CDF of the standard normal distribution is negative, the worst case regret
arises whenever the variance takes its largest possible value. Conversely, whenever the numerator of
the fraction inside the CDF of the standard normal distribution is positive, the worst-case obtains
when the variance takes its smallest possible value.

Let’s first consider the case of evidence aggregation, i.e., f(7) = % Given the logic above,

the decision-maker’s maximum regret under harmonization is given by:

_T1itT2
T1+T2(I) 2
2 7/V2

B e

T1+T
12 2(I>< 2/2\/5

T1+T <
—ning (12 2+6> if 2 < 0and 2 46 <0

if 1372 > 0and — 242 —§ <0

)
5) it 14 > 0and — 042 — 5> 0
R(1) = max7(T,1) =

5/V2

T1tTe 4§ —_
_T1tT2 T""‘S e T1+T72 T1+72
: @(U/ﬁ> if 2572 <0 and %572 46 > 0.

\

The decision-maker’s maximum regret under diversity is

T1+T A
ning (~ 3 075 if 1™ 5 0 and — 02 5 <0
2 \/52/2ng/4 2 2 —
T1+79 (S—A

T1+72 T —° e T1+T2 _ T1tT2
2P (\/02/2+Ag/4> if =572 >0and — 252 —-40>0

T1+T <
_nEng (12“5‘3 ) if 72T <0 and TER 45 <0

o2 [2—As /4

T1+72 T A _
T1+T72 2 +0— 2 e T1+To T1+T2
52 d ( ) if 2572 <0 and 572 40> 0.

Va2 /2405 /4

R(0) = IH;%X’F(T,O) =

It is easy to see that R(1) > R(0), i.e., allowing for ambiguity over design-specific variances in
addition to artifacts does not alter our conclusion that the decision-maker prefers design diversity for

the purposes of evidence aggregation.

For f(1) = 71 — 72, the decision-maker’s regret under harmonization is given by
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(Tl—TQ)(I) 7_(7—1_;@) ile—T2>0
R(1) = max#(r, 1) = (%)

(11 — 72)® (77\1/;;2) if 1 —m <0,

and the decision-maker’s regret under research design diversity is

(11— 72)® <_(T_2722J)7_§_6)> ifri—m>0and — (1 —7) —(8—06) <0

(11— 12)®@ <_(ﬁ/7_2;22);§_6)> if i —m>0and —(n —7)—(6-9)>0

(7'1—7'2)‘1’<T\1/_2722+76A_5) ifrp—m<O0and1 —+0—-6<0

(7'1—7'2)‘13<T1_T2+6_5> ifrp—m<Oand T —T9+0—08>0.

R(0) = max7(7,0) =

T

V 222+AU

Here, the relationship between R(1) and R(0) is ambiguous. On the one hand, R(0) may exceed R(1),
because under research design diversity, the location of the study estimate distribution reflects the
difference in design artifacts in addition to the cross-context difference in treatment effects. On the
other hand, R(0) may be smaller, since the smallest possible variance of the estimate distribution is
larger and the largest possible variance of the estimate distribution is smaller under design diversity
than under research design harmonization. Whether the decision-maker prefers to harmonize or to
diversify for the purposes of external validity assessments depends on the magnitude of these two

effect.
H Within-study design diversity

Suppose our decision-maker runs an experiment in a single context ¢ with n; units. In what follows,
we omit the subscript ¢ for brevity, since we only consider a single context in this section. We use
[ to index units with [ = 1,...,n. Let z; € {0,1} denote the treatment status of unit [. Invoking
the stable unit treatment value assumption (SUTVA), we write unit [’s potential outcomes as y;(z).
The decision-maker’s inferential target is the average treatment effect (ATE) across the n units in

the experiment:

T= %Zyz(l) —41(0).
=1
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The decision-maker uses complete random assignment to assign m units to treatment and n —m
units to control. The decision-maker can choose between two outcome measures j € {1,2}. Outcome
measures introduce systematic measurement error. In particular, outcome measure j adds a constant
vJ € R to the treated potential outcome for every subject, e.g., because the treatment causes exper-

imenter demand effects.® Hence, given research design j, subject I's measurable potential outcomes

U1(z) are

g (1) = y(1) + 7

71(0) = yi(0).

The decision-maker faces ambiguity over measurement errors. As before, we assume that v/ € [v, 7]
for j € {1,2} with v,7 € R and v < ¥ as well as |[v! — 1% > A, > 0.

The decision-maker again makes a choice h € {0,1} of whether to harmonize. Within-study
harmonization here entails using the same outcome measure — w.l.o.g. measure 1 — for all n units
in the experiment. A decision-maker who induces within-study diversity randomly assigns each unit
to one of the two outcome measures. For simplicity, we assume the decision-maker assigns units to
outcome measure 1 with exogenously given probability v € (0,1) and to outcome measure 2 with
complementary probability 1 — «. The assumption here is that the decision-maker cannot use both
outcome measures for all units, e.g., because of a budget constraint.

Once she has run the experiment, the decision-maker uses the difference-in-means estimator to

generate an estimate 77 of 7 using the observed outcomes:

n

N 1
~j §:~J }:
7 _El_l yl(l)_n—m w(0),

l=m+1

where we assume that the units in our subject pool have been ordered by treatment status with the

first m units being the treated ones. As before, the decision-maker makes a binary choice a € {0,1}

4This is a simplified version of the more complicated measurement error model discussed in appendix section C.
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which generates a payoff that depends on the estimand, here 7:

0 ifa=0
u(a, ) = (33)

7 ifa=1.

Moreover, the decision-maker again uses a decision-rule where she chooses a = 1 if and only if 77 > 0.

The decision-maker’s regret is defined as before:
r(r,h) = u(a®;7) — Efu(a; 7)),

where the expectation in the second part of the expression is now taken over the distribution of
the difference-in-means estimator induced by the random assignment of treatment across repeated
experiments. As before, the decision-maker chooses whether to harmonize in order to minimize her
maximal regret:

m}}n R(h), where R(h) = mz(i])lc) r(r,v(h)).

T,V

v(h) is an n-dimensional vector where the {th element refers to the measurement error of the /th unit
in the experiment.

The choice of whether to harmonize affects both the expectation and the variance of the sampling
distribution of the difference-in-means estimator. The expectation of the sampling distribution is

given by

T+l +(1—yw? ifh=0
E[7] =

T+ vt if h=1.

Intuitively, the location of the sampling distribution reflects both design artifacts weighted by the
share of units assigned to each outcome measure under design diversity and only the artifact of design

1 under design harmonization. The variance of the difference-in-means estimator, following Neyman
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(1923), is given by

where

So= —— 3" w(0) - 7o)

. 1
S, = 12(75—71)2.

Here, El is the average of the measurable treated potential outcomes across the N experimental units
and 7y, the average of the control potential outcomes, since we have assumed that control potential
outcomes are not subject to measurement error. %lj is the difference between individual I’s measurable
treated potential outcome gjl] (1) and her control potential outcome y;(0), and 7/ the average of this
difference across the n experimental units.

How does this variance depend on the decision-maker’s harmonization choice h? Note first that
given our very simple model of measurement error, the variance o?(1) under harmonization equals
the variance that would obtain if the decision-maker could directly observe y;(1) and not just gjlj (1)
for each unit. The reason is that, in this case, measurable treated potential outcomes gjlj (1) simply
equal the sum of each unit’s treated potential outcome g;(1) and the constant v'. Adding a constant
has no effect on the variance of the treated potential outcomes and hence neither on S’{ and S{O.
Under research design diversity, however, the variance of the measurable treated potential outcomes
increases. The reason is that measurable treated potential outcomes gjlj (1) are now the sum of each
unit’s treated potential outcome y;(1) and a random variable that takes the value ! with probability
v and the value v? with probability 1 — 4. Since the decision-maker randomly assigns units to
outcome measures, the design artifact is independent from treated potential outcomes. Hence, the
variance of the measurable treated potential outcomes g]l] (1) is simply the sum of the variance of the
treated potential outcomes y;(1) and (1 — ) (v1 — VQ)Q. S{ is thus greater under research diversity

than under harmonization. Random assignment of outcome measures to units also implies that the

31



covariance of measurable treated and untreated potential outcomes and hence S{O remains unaffected
by the harmonization choice. It follows that, for any given constellation of potential outcomes, the
variance of the difference-in-means estimator is greater under research design diversity than under
research design harmonization: o2(0) > o2(1).

The CLT implies that the standardized difference-in-means converges to a standard normal dis-
tribution (Li and Ding, 2017). Using this fact, we can approximate the decision-maker’s regret under

design harmonization by

o) o (Zt) ifr>0

(34)
. (T;(IV;) if <0,
and under design diversity by
e (—‘T‘W;@()l‘”)“) if 7> 0
(r,0) = o (3)
—7P <—T+w :((%77)11 ) if 7 <0.

Our main take-away from expressions 34 and 35 is that the choice between harmonization and
diversity within a study can involve a bias-variance trade-off. The largest possible shift of the estimate
distribution under research-design harmonization is 7 and the smallest is v. Under research-design
diversity, the largest possible bias is 7 — min{v,1 — v}A, and the smallest is ¥ + min{7y,1 — y}A,.
Hence, the largest possible bias is larger and the smallest possible bias is smaller under research design
harmonization than under research design diversity. Hence, if we focus only on shifts in the location
of the estimate distribution, research design diversity is preferred. The logic is the same as the one
in the case of evidence aggregation in our main model: Research design diversity guards against the
worst-case scenario of using a single highly biased outcome measure for all units in the experiment.
However, we also know from the analysis above that ¢(0) > ¢(1) and as long as the worst-case biases
are not too big in absolute value, the decision-maker prefers estimates that are less variable. Hence, a
bias-variance trade-off may arise where design diversity minimizes bias but harmonization maximizes
precision. Whether this trade-off arises and which concern dominates depends on the particular
constellation of potential outcomes and the size of the worst-case biases.

However, the decision-maker can eliminate the impact of her harmonization decision on the vari-
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ance of her estimates using a design-based strategy. Suppose the decision-maker first randomly assigns
units to one of the two outcome measures and then uses block-random assignment to assign units to
treatment where the blocks are formed based on the outcome measures to which units were assigned.

With block-random assignment, the variance of the difference-in-means estimator is given by

n

[

évar(%j-‘),

3

2
2 _
Oblocked = E
Jj=1

where var(%; ) is the variance of the estimates from the block with units assigned to measure j. Note
that, since units in block j are all assigned to the same outcome measure which adds the same
constant v; to their treated potential outcomes, estimates under research design diversity with this
blocking structure are again no more variable than estimates under harmonization or in a world
where the researcher can directly observe treated potential outcomes of units in the treatment group
without measurement error. As a result, the choice between within-study harmonization and diversity
hinges on bias-concerns only and on this dimension, design diversity minimizes the decision-maker’s

maximum regret.
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