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Encouragement Designs: Effects of Interventions
Exemplar Study: Random assignment of students to treatment-control conditions for intervention on
improving study habits. Measures: Treatment/control assignment (G), amount of study (R), and outcome

measure, achievement test score (Y).

Questions: 1. Increase in study time from intervention? 2. Increase in
achievement from studying an hour longer (dose response)? 3. Increase
in achievement if no increase in study (placebo effect)? 4. Total impact
on achievement?

Counterfactual Data Formulation for Individual u. 1. Ry(w) - R (v) =
p(u), treatment/control difference in amount of study. 2. Y, (u) -
Y5,Au) = B(u)*(r - r'), increment to outcome from study amount r’

vs 1. 3. Y (u) - Y_(u) = t(u) , treatment/control difference in
outcome with same amount of study r. 4. Y,p(u)
difference.

Path Analysis Regressions
Path Coefficients: Y1, Y, Y5

R=og +y,G + ¢
Y=oay+y,R+1,6+ey

= Y r(u) = t(u) + p(u)B(u), overall treatment/control

Individual Level Model. Rg(u) = R (u) + p(u)G ; Y, (u) = Y o) + TW)G + Bu)r.

ALICE specification:
Path Analysis Results Under ALICE.

P = p; (W) = B; (W) =T .
Y1=P;3Y¥2=P+d;y3=1 - pd.
Indirect/Direct Effects: Bp/t under ALICE; p(B + 8)/(x - pd) from path analysis.
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p(r)=vy+8ér.

would score without studying and without encouragement.

(51)
A positive § means that the more a student would study when not
encouraged, the higher he or she would score on the test without
studying and without encouragement. A negative 8§ means that the
more a student would study when not encouraged, the lower he or she

Thc quantities computed in path analysis are the conditional ‘\ L(’\
expectations ) i
E(RsS) = E(R,) + pS (52)
and
E(Ysa,IS, Rs) = u(Rs— pS) + 7S+ Ry, (53)

in which § is a 1/0 indicator variable. If we make the untestable

assumption that p (r) is linear, e.g. (51), then (53) becomes

E(YSRS[S, Re)=v+(r—80)S+ (B + 8)R;.

(54)

Equations (52) and (54) are both linear and may be combined into the

empirical path diagram in Figure 5.

Comparing Figures 5 and 4, we see that even if the ALICE
model holds and p(r) is linear, the estimated path coefficients are

FIGURE 5.
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5. MoDELs
The first and simplest model to be analysed is represented in Fig. 2 as a path diagram.
"l ﬂl \:’n ﬁl . :- n’/‘l7ooo
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FIG. 2. Path diagram showing the direction of relationships between measurements at three
occasions,

Rogusa (1¢9) i ) \ ~
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specifies a constant rate of change denoted by 8. The straight-line growth
curve for individual p is written:

£(1) = £,(0) + 0,z 1)

Path Regressions

Path analysis models for longitudinal data use the temporal ordering of
the measurements to delimit the possible paths between the variables.
Consider the example of a three-wave design with measures on X at times
4, b, t;. The path regressions for the unstandardized variables are:

Xo=o+BX +e
X3=o3+ By X, + B3X; + ey (2)

gressioﬁ (path) coefficients from (2) are:

%
tz“t3<0 awd R/l

ba/ BS:fz_tx

L4

= 3
\ Br=p—p >0, | ®)

30 . pe . .
Cw) o [Note: the results in (3) are easily verified by using '(1) to substitute
W ‘5 X, =X, + 6(t, — ;) into the X; equation in (2). Substituting the values for
S B, and B; from (3) and collecting terms yielnds Xi=X,+6(1;—1).]

dp/&(/'/‘lw;dl vesolfs in Trembo (dn'93)

3.2. Exponential growth
For a population of individual growth curves given by (2) the population partial
regression (structural) coefficients for the 13 equation in (3) are:
B expl-ytg] - exp[-yt,] 56 ‘w‘/{(/l;j qnv/m
3 =
exp[-yz1] - exp[-yt,] _ - - ~-Jt
- 19 = 3=~ )
Wwe L 1) .
S et e
expl-yZp] - exp[-yt;]
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