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1 Introduction

We present the details of our mathematical and simulatiatyais of the expected return and
volatility of a portfolio of 49 Alzheimer’s disease (AD) @gets. We begin with a discussion of how
investment returns are defined and computed, which is btfargvard when outcomes are known
in advance but presents certain subtleties in the presémaedomness such as in the case of drug
development. We then turn to the mathematics of indepetydand identically distributed (11D)
Bernoulli trials and extend this model to the case of cotegldernoulli trials using multivariate
normal latent variables. While the correlated case doeyietd closed-form solutions for the
portfolio’s expected return and standard deviation, thedees and the distribution of the total
number of successes can easily be obtained by Monte Carldaion which we describe in
detail. We apply these results to a cost/benefit analysiseoAD portfolio using the Alzheimer's
Association model of the economic impact to Medicare andibéed expenditures of delaying the
onset or slowing the progression of AD.



2 Computing Expected Returns and Variances

The standard definition of an investment rate of retldrim which an initial investment of yields

a single payoff ofX is simply R = (X/I) — 1. If the duration of this investment is over a period of
T > 1 years, the return is usually annualized so as to facilitatedmparison to other investments

with different durations. The annualization is accomp@igivia geometric compounding as with

a bank account since, by convention, interim interest paysnare assumed to be re-deposited
in the account; hence additional interest is paid on theesteearned, and so on. Therefore, the
annualized retur®, is defined as:

1T
R, = <§) 1. 1)

This definition of an investment’'s annualized return is urtoaversial whenX is known.
However, if X is a random variable, theR is random as well and assessing the investment oppor-
tunity amounts to assessing the properties of this lattetam variable. For example, if= $100
and X = $0 or $300 with equal probabilityp = 1/2, then expected return and standard deviation
of this investment are 50% and 150% respectively. Much of enogbortfolio theory is devoted
to analyzing such random variables based on its first two mésnéts expected returrE(R])
and return standard deviatio8I§ [R]). Rational investors are assumed to prefer higher expected
returns and lower risk, where risk is measured by standaidiilen, also called “volatility.” Based
on this behavioral assumption, it is often possible to aoiest'optimal” portfolios that maximize
the expected return per unit of risk.

However, an important issue arises in the computation oéetgal returns and volatilities
for multi-year returns which require annualization: shibtile two moments be computed before
or after annualization? In the previous example wh&re= $0 or $300 with equal probability,
suppose the duration of this investment was two years. $ncidsse, we can compute the expected
annualized return or annualize the expected two-yearnetur

$300 2 $0 \ 2
E [Ra] = pX (m) + (1 —p) X <m) — 1 =-13.4% (2)
R, (B[X]) px $300+ (1—p) x $0\2 ©99.5% -
¢ B $100 - 270

where the expressioR, (E [X]) denotes the annualization of the expected two-year rettirn o
150%. In this simple example, it is easy to see that the orflanoualization and expectation
yields wildly different measures of investment performandt is a general mathematical rela-
tion that the expected annualized return is always lesstti@annualized expected return due to
Jensen’s Inequality. The difference between these twotdigsns an increasing function of the
duration7" and the volatility ofR.



Similarly, a difference arises with respect to the secondherdt or variance depending on
whether annualization is applied before or after takingeetgtions of the squared return:

B $300) 2 $0\: ., B
Val" [R(l] = P X <m) + (1 —p) X (m) — E [1+Ra] = 750% (4)

Ann.(Var [R]) = %X (E [(?)2

where we have made use of the fact that[1+ 2] = Var[Z] for any random variabl& to simplify
the derivation. Note that the second relation implicitlg@mes that variances scale linearly across
time (hence the factar/2 to annualize the variance of the two-year retidn

There is no clear argument for using one method over the ottarcontexts. With respect
to the expected return, the second method (computing eegheeturns and then annualizing) is
perhaps more common—itis the method used by venture dafsted computing the “internal rate
of return” (IRR) of their portfolio of investments, whichealmost always multi-year investments.
While this may seem deliberately optimistic because the #Rfys exceeds the expected annu-
alized return, it is a matter of necessity because IRR’s angptited after the fact using realized
payoffs, hence the annualization cannot be performed potisely (assessing the probabilities of
the payoffs of startup companies is exceedingly difficutt trerefore almost never attempted).

For our purposes, we shall report the expected annualizechrin the main manuscript so
as to be more conservative in assessing the investmentiparice of an AD megafund, but we
provide the corresponding annualized expected returnabieTl below for completeness.

— E? %D = 112.5% (5)

3 1ID Bernoulli Trials

Denote byB; a binary random variable taking on the value O or 1, dependmwhether target
1 fails or succeeds. If the probabilities of success andraiarep and1 — p, respectively, then
in n 11D trials, the total number of successés,= )" | B, is distributed as a binomial random
variable with probability distribution:

n

Prob(B = k) = ( .

)pk(l—p)n_k,kzl,...,n. (6)

If a success garners a fixed and known net present value (NPY abdatel’, then the total payoff
of n 11D trials at dateTl” is simply BX. Given an initial investment of at date 0, we can compute
the compound annual rate of return of this investnieais:

BX 1/n
R — <T) _ 1. @



Then its mean and variance can be computed in a straightfdrmanner using the binomial
distribution:
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Var[R,] — (TX) Prob(B = k) — E2[1 + R,] (9)
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where we have made use of the fact that [R,| = Var[1 + R,] in the second equation to simplify
the expression. The standard deviation of the ret8id,R,], is simply the square root of the
variance.

If we conduct trials sequentially instead of simultaneguah important statistic is the ex-
pected waiting time before the first success. Denote*tijre number of trials required to achieve
the first success, hence

B, =0,By,=0, ....,Byq =0,By =1.
Then we have:
Prob(B,- = k) = (1—p)*'p (10)
Prob(B,- —1=k) = (1—p)*p ~ Geometri¢p) (11)
EB,] =1 +1%p (12)

For p = 0.05, the expected waiting time for the first success is 20 trial0® years if each trial
takes 10 years, and the cumulative distributiomdk 10 years is given in Figure 1.

4 Correlated Trials

There are a number of methods for allowing the outcomes afid@#li trials to be correlated and
this is particularly important when modeling the outcomeclifical trials that have certain sci-
entific elements in common. The most general approach iddw arbitrary sets of B;} to be
dependent, but such generality is impossible to analyzeer develop meaningful intuition with
which to calibrate the nature of the dependence. Insteadliwe for pairwise dependence be-
tweenB; andB; in the following manner. Suppose that associated with eachdilli variableB;

is a continuous random variahlg that is normally distributed with mean 0 and variance 1 which
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Figure 1: Cumulative distribution of the probability thaetfirst success in consecutive sequences
of 10-year AD clinical trials occurs in less than or equaktgears, assuming a 5% probability of
success for each clinical trial.

is related toB; in the following way:

0 if Z; < o

B; = , (13)

We definea;= ! (1—p;), whered~'(-) is the inverse of the standard normal cumulative distri-
bution function. If we now le{7;, Z, ..., Z,,} be distributed according to a multivariate standard
normal distribution with covariance matr®, then pairwise correlation among the Bernoulli trials
is captured by the off-diagonal elements3ofi.e., pairwise correlation among tbg's.

In the special case where tlig’s are identically distributed with probability and all pair-
wise correlations of the corresponditg's are identical and equal t@, we can derive a simple
expression for the distribution d@:

Prob(B = k) = (Z)q k=1,....n (14)
q = Prob(Z1>a,.... 2 >, Zy1<a,...,Z, <0) (15)

whereq is computed with respect to the multivariate standard nbdis#ibution function with a



covariance matrix given by 1's on the diagonal argifor all the off-diagonal elements:

s = |: - . (16)

Observe that if theZ;'s are independent, thenreduces to the familiar expressiph(1 —p)”‘k.

5 Simulating Correlated Bernoulli Trials

In practical applications, equi-correlated outcomes are;rhence the simple expression derived
above is useful mainly for developing intuition, not for cpatation. Although closed-form ex-
pressions are unavailable for the probability distriboid the pairwise correlated Bernoulli trials
we have proposed, it is easy to compute this probabilityiligion numerically via Monte Carlo
simulation.

Denote bye = [ ¢; € --- ¢, | a column-vector of random multivariate standard normal
variables. Then for any positive-definite matBix the new vector of random variablgs= X'/%¢
is multivariate normal with covariance matix, whereX:!/? denotes the Cholesky factorization or
matrix square root oE. Once the success probabiltyfor each Bernoulli variablés; is defined,
the o; associated with each; is determined and realizations of correlated Bernoubil$rcan be
simulated by:

1. Generating a realization of a column-vecat@f [ID normal random variables
2. Pre-multiplying this column-vector b%'/? to generaté

3. Computing a column-vector of 0's and 1's: 0’s f6y's lessa; and 1's forZ;’s greater than
or equal too;

If this process is repeated a large number of times, thavelfxequency of the realizations of the
sums ofZ’s will approximate the distribution oB.

The only subtlety in this simulation exercise involves tpedfication of>. For our pur-
poses, pairwise correlations are meant to capture comities@mong translational medical pro-
grams so that success or failure in one program has presljptiwer for the success or failure of
another program. Specifying values for each entriithat are based on domain-specific knowl-
edge of the underlying science is both necessary and frauitihtifficulty because an arbitrarily
specified matrix need not satisfy a critical property of bdide correlation matrices known as
positive-definiteness. Although this may seem like a texdirpoint, a non-positive-definite corre-
lation matrix implies that certain weighted averages ofAlsamay be assigned negative variances,
which clearly violates the definition of variance. Therefagntries i cannot be arbitrarily set.



In our simulations, we adopt a three-step process in whigbe&wise correlations between
targets are first evaluated qualitatively as “low”, “mediumr “high” by scientists with domain-
specific expertise. These two conjectured matrices ardagisg in Figure 2. These assessments
are then translated into numerical values of 10% for “low0%d for “medium”, and 80% for
“high” (in some cases, a qualitative evaluation of “low-mad” was given, which was assigned
a numerical value of 25%). The third step is to apply the nirakalgorithm developed by Qi
and Sun [1] to compute the closest positive-definite matriche one specified manually. Figure 3
contains a heat-map display of the positive-definite cati@h matrix constructed from the average
of the two conjectured matrices in Figure 2.

6 Megafund Investment Performance

To illustrate the impact of annualization on expected retuwe report the performance statistics
of the AD megafund in Table 1 using both methods. The top flibiaresents expected returns
and standard deviations of annualized 10-year returnsthenidottom subtable presents the corre-
sponding results for the reverse procedure. As expectedydtiom subtable has higher expected
returns, in some cases much higher. For example, in the melation case where=>5%, the first
method yields an expected return-e6.6% whereas the second method yields.1%.

The difference between these two methods of reporting Hd-sgturns is even greater for
the more realistic cases with success probabilities angtledions determined via expert judg-
ment. Using the average of the two correlation matriceseipected return from the first method
is —6.0% and the expected return from the second method4i2%. This is not only a large
numerical difference but also involves a sign change, wha$ significant implications for how
these investments are perceived by investors and poliograak

7 Cost/Benefit Analysis

The cost of each of the 49 drug development programs is asktonge $500 million in 2013
dollars, implying a total cost of $24.5 billion which is egalent to $22.9 billion in 2010 dollars.

The benefits of a success in Alzheimer’s drug developmenharger to quantify, but we
take advantage of the Alzheimer’'s Association’s [2] (AApromic model of two scenarios: a
delayed-onset trajectory (T2) in which a new therapy detagsonset of AD by five years, and
a slowed-progression trajectory (T3) in which a new thenaguuces the annual transition rate of
patients from the mild to moderate stage of the disease to d@¥drom the moderate to severe
stage to 5% (current annual transition rates are 45% and B&§pectively). They compare the
economic consequences of these two trajectories to thejegiron of the status quo or current
trajectory (CT) which assumes that no new therapies for dilnler's become available through
2050. Table 2 presents a subset of these projected costastaod 2010 dollars—those borne by
Medicare and Medicaid only—under the status quo and the fypothetical alternatives.

Many assumptions and detailed computations underlie thendéel, but the most relevant
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Figure 2: Heat-map representation of conjectured pairamseslations of success/failure of the
49 AD targets as determined by: (a) Dr. Kenneth S. Kosik, d)d)f. Carole Ho. Green,
yellow, orange, and red entries indicate correlations #natless than 20%, between 20% and
40%, between 40% and 60%, and greater than 60%, respectively
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Figure 3: Heat-map representation of positive-definitegtation matrix corresponding to the
average of the two conjectured qualitative correlationrioes of pairwise correlations of suc-
cess/failure of the 49 AD targets by Dr. Kenneth S. Kosik amd Oarole Ho. Green, yellow,
orange, and red entries indicate correlations that aretthess20%, between 20% and 40%, be-
tween 40% and 60%, and greater than 60%, respectively.



P p P ER]  SDIR] P p P ER]  SDIR]
Expectation and SD of Annualized Returns

5% 0% 92% -6.6% 28.2% 15% 0% 100% 13.2% 4.7%
5% 10% 84% -14.9% 38.3% 15% 10%  99% 11.5% 11.7%
5% 40% 62%  -37.2% 49.8% 15%  40%  96% 4.3% 24.1%
5% 80% 39%  -61.8% 48.1% 15% 80% 57%  -41.0% 51.2%
10% 0% 99% 7.9% 9.6% KK Corr. 88% -8.9% 33.7%
10% 10%  97% 4.1% 20.7% CH Corr. 91% -6.2% 30.9%
10% 40%  86% -9.6% 37.5% Avg. Corr. 91% -6.0% 30.2%

10% 80%  45%  -55.0% 50.4%

Annualized Expected Return and SD

5% 0% 92% 2.1% 24.2% 15% 0% 100% 13.9% 39.6%
5% 10%  84% 2.0% 34.2% 15% 10%  99% 13.9% 64.0%
5% 40% 62% -0.4% 39.6% 15%  40%  96% 11.6% 74.0%
5% 80% 39% -9.1% 19.5% 15% 80% 57% -0.3% 40.0%
10% 0% 99% 9.4% 33.3% KSK Corr. 88% 4.0% 37.7%
10% 10%  97% 9.4% 51.1% CH Corr. 91% 4.6% 38.2%
10% 40%  86% 6.7% 58.4% Avg. Corr. 91% 4.2% 36.5%

10% 80%  45% -5.1% 28.2%

Table 1: Expected returns and standard deviations of the A@afund over its 10-year investment
period for various combinations of probabilities of succ@s, pairwise correlations), and prob-
abilities of at least one hip(). Expected returns and standard deviations are computed/ays:
the top subpanel annualizes the returns before computipgcgations and standard deviations,
the bottom subpanel annualizes after computing these itjeganRows labeled “KSK Corr.”, “CH
Corr.”, and “Avg. Corr.” employ correlations calibratedajtiatively by Dr. Kenneth S. Kosik, Dr.
Carole Ho, and their average, respectively, and use inag calibrated success probabilities
between 5% and 15% for each of the 49 targets.
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5-year 10-year 15-year 20-year

Trajectory 2015-2020 2015-2025 2015-2030 2015-2035
Current Trajectory (CT) 804 1,436 2,080 2,766
Delayed Onset (T2) 771 1,227 1,601 1,961
Slowed Progression (T3) 778 1,280 1,774 2,298
CT-T2 33 208 480 804
CT-T13 27 156 307 468

Table 2: Alzheimer’s Association [2] estimated Medicare dhedicaid costs (in billions of 2010
dollars) associated with Alzheimer’s disease under thceeaios: the current trajectory (CT), a
delayed-onset trajectory (T2), and a slowed-progressapedtory (T3).

for our cost/benefit computations are that:

e All cost estimates are in constant 2010 dollars and do ndadecthe impact of general in-
flation (although they do reflect healthcare-related irdigti hence they must be discounted
by real, not nominal, costs of capital.

e The new therapies implicit in trajectories T2 and T3 are asslito start in 2015.

e The AA model includes many other costs beyond Medicare andiddal which we have
ignored, hence our estimated return on investment (ROlbeilinderstated.

The starting point for the cost/benefit analysis is to coraphé present values of the costs asso-
ciated with each of the three trajectories, CT, T2, and T3aBee T2 and T3 are meant to reflect
the benefits of new therapies for AD, they can serve as prdaigdbe economic impact of a suc-
cess among the 49 targets proposed. Therefore, a crudbaruit calculation can be performed
by comparing the cost of the 49 targets with the expectatfdhepresent value of cost savings
associated with T2 and T3, where the expectation is takem nggpect to the binomial distribu-
tion of outcomes for the 49 targets. We make the followinguagstions for these cost/benefit
calculations:

1. Because the AA model only provides cost projections ag¢&ryntervals, we have to inter-
polate costs for the intervening years. For simplicity, \wswame a “step function” for these
costs so that the level remains the same until the next girojgé.e., annual costs for 2016
to 2019 are unchanged from 2015, changing only in 2020.
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2. Since the AA model generates real cost projections, weodig them using a real rate of
interest, currently assumed to be a 10% nominal rate ofésteninus a projected inflation
rate of 5%. The actual discount rate usedlid0/1.05)—1 = 4.76%.

3. We compute present values over two different horizonsarid20 years. In principle, the
cost savings of T2 and T3 should extend in perpetuity but wagmn a finite horizon to be
conservative and to address the growing uncertainty in aog@nic forecast. Specifically,
we focus on 2015 as the base year and discount all costs b#uk jear.

4. We assume that the AD therapies require a 10-year horzae\velop, and that the cost
savings from a success (either in T2 or T3) begins to taketafigrear 11. The present value
of these cost savings,, is assumed to be the difference between the present vald& of
and T2 or T3, denoted h§, andSs, respectively. Recall that 2015 is the base year for these
calculations, but we are implicitly assuming titats realized in year 10 and computing the
ROI of a $24.5 billion investment in year 0.

5. Because the AA model uses constant 2010 dollars, thalimitrestment of $24.5 billion
must be converted from 2013 dollars to 2010 dollars. Thisremsion yields an initial in-
vestment of $22.9 billion.

6. The expected return of the investment is simply the pritibabf at least one hitp;, from
the distributions provided by Dr. Kenneth S. Kosik (KSK),. D€arole Ho (CH), or the
average, times the compound annual return of T2 or T3:

BlRa = p (%) 1 17)
Ru(B[S]) = (plTS")ﬁ—l. (18)

The standard deviation of the return follows readily frora Bernoulli-nature of this thought
experiment:

2 1
10 0

D[R] = /Var[Ru] = \/plu—m ()" - (3) v a9

A (SDIR]) = [ 2p (1) (%) = (5) Virt=m. (20)

The results are reported in Table 3 using both methods ofadization.
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Parameters 10-Year 20-Year 10-Year 20-Year 10-Year 20-Year 10-Year 20-Year

E[R]: Delayed- SD[R]: Delayed- E[R]: Slowed- SD[R]: Slowed-
P P P1 Onset (T2) Onset (T2) Progression (T3) Progression (T3)
Expected Return and SD of Annualized Return
5% 0% 92% 14.7%  31.2% 34.0% 38.9% 11.4% 24.3% 33.0% 36.8%
5% 10% 84% 42% 19.2% 46.3% 52.9% 12% 12.9% 44.9%  50.2%
5% 40%  62% -23.0% -11.9% 60.6% 69.4% -25.2% -16.5% 58.9% 65.7%
5% 80% 39% -51.7% -44.7% 60.8% 69.5% -53.1% -47.6% 59.0% 65.9%
10% 0% 99% 24.0% 41.9% 9.3% 10.7% 204% 34.5% 9.0% 10.1%
10% 10% 97% 20.5% 37.9% 22.6% 25.8% 17.0% 30.6% 21.9% 24.5%
10% 40% 86% 7.1%  22.6% 43.5% 49.7% 4.0% 16.1% 422% 47.1%
10% 80%  45% -44.4% -36.3% 62.0% 71.0% -46.0% -39.7% 60.2% 67.2%
15% 0% 100% 24.7%  42.7% 2.3% 2.6% 21.1% 35.2% 2.2% 2.4%
15% 10%  99% 23.8% 41.7% 10.7%  12.2% 20.2%  34.2% 10.4% 11.6%
15% 40% 96% 19.2% 36.4% 25.8% 29.5% 15.7%  29.2% 25.0% 27.9%
15% 80% 57% -28.4% -18.1% 61.7%  70.6% -30.5% -22.4% 59.9% 66.9%
KSK Corr. 88% 10.2%  26.1% 40.0% 45.8% 7.0% 19.5% 38.9% 43.4%
CH Corr. 91% 13.0%  29.4% 36.3% 41.6% 9.8%  22.6% 35.3% 39.4%
Avg. Corr. 91% 13.6%  30.0% 35.6% 40.8% 10.3%  23.1% 34.6% 38.6%
Annualized Expected Return and Standard Deviation

5% 0% 92% 23.7%  41.5% 78.4% 302.5% 20.1% 34.1% 58.6% 176.0%
5% 10%  84% 22.5%  40.2% 106.8% 412.0% 19.0% 32.8% 79.7% 239.6%
5% 40% 62% 18.8%  36.0% 139.9% 539.8% 15.4%  28.9% 104.5% 314.0%
5% 80%  39% 13.4% 29.8% 140.3% 541.1% 10.2%  23.0% 104.7% 314.8%
10% 0% 99% 24.6% 42.7% 21.5% 83.0% 21.1% 35.1% 16.1% 48.3%
10% 10%  97% 243%  42.3% 52.1% 200.8% 20.7%  34.8% 38.9% 116.8%
10% 40% 86% 22.8% 40.6% 100.3% 387.0% 19.3% 33.2% 74.9% 225.1%
10% 80% 45% 15.0% 31.7% 143.1% 552.1% 11.7% 24.7% 106.9% 321.2%
15% 0% 100% 24.7%  42.7% 5.2% 20.1% 21.1% 35.2% 3.9% 11.7%
15% 10%  99% 24.6% 42.6% 24.6%  94.9% 21.0%  35.1% 18.4%  55.2%
15% 40% 96% 241%  42.1% 59.5% 229.3% 20.6% 34.6% 44.4% 133.4%
15% 80% 57% 18.0% 35.0% 142.4% 549.3% 14.6% 27.9% 106.3% 319.5%
KSK Corr. 88% 23.2% 41.0% 92.4% 356.3% 19.6% 33.6% 69.0% 207.3%
CH Corr. 91% 235% 41.3% 83.9% 323.6% 19.9% 33.9% 62.6% 188.3%
Avg. Corr. 91% 23.6% 41.4% 82.2% 317.1% 20.0% 34.0% 61.4% 184.5%

Table 3. Expected returns and standard deviations of Meslemad Medicaid cost savings, com-
puted before and after annualization, from an AD megafuret its 10-year investment period for
various combinations of probabilities of succesg pairwise correlationss, and probabilities of
at least one hity(;) under the Alzheimer’s Association model [2] for the ecomoimpact of new
AD therapies that either delay the onset of AD (T2) or slowpitsgression (T3). Rows labeled
“KSK Corr.”, “CH Corr.”, and “Avg. Corr.” employ correlatios calibrated qualitatively by Dr.
Kenneth S. Kosik, Dr. Carole Ho, and their average, resypagtiand use individually calibrated
success probabilities between 5% and 15% for each of theg&sa
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