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|. The Checksum method: Hypothesis testing

Computing the probability under the null hypothesis: We first present a method for computing
P(W;|M;, Hy), which takes into account the actual expression valués ©his method relies on
noise model for individual samples and thus can be compuwieal i€ only few repeats exist.

Here we assume thal/; correctly captures the average expression levelifotn Section
Il below we explain how our method can be modified to deal witisy measurements of this
average. Under the null hypothesis, we assumettheat a noisy realization of the true underlying
expression profile fot. In order to determine the probability under the null hy@silk, we look
for a new curve” such thatV' (C') = M; andC can explainC;. In other words, we now wish to
explainC; as a noisy realization a¥' (which correctly captures the unsynchronized expression f
1), and the differences betweéd; andV; as a result of that noise. Recall th@twas generated
fromY; (the set of sampled value foy and thus, noise i’; is a function of the values df;. Let
Y represent a set of values (corresponding to the experinmeatoints) that generate the curve
C. In order to find a curvé’' that best explain€’; we solve the following maximization problem:
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1o
mazy, P(Y|Ye) suchthat  — / =1 @)
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Here we are looking for a curv€ with W(C) = M;, such that the observed values fofY;)

are a noisy sample of the values used for generating). Using the solution of the above
problem we seP(W;|M;, Hy) = P(Y;|Yc). This guarantees that only profiles that cannot be ex-
plained by the best (maximum likelihood) curve with an ageraxpression a¥/; will be detected.

Solving the maximization problem: We assume a Gaussiaalue dependent noise model for
P(Y;|Ye). That is, the variance of expression value at timtedepends on the actual measured
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value at that timeY;(¢) (see Section Il below). We represent both the curesfd C;) and

the expression value¥{ andY;) using splines. Denote b¥- and F; the spline control points
for C' andC; respectfully. As discussed in Results and BoxC3t) = s(t) F wheres(t) is the

set of spline coefficients evaluated at timeAs for the observed expression values, using our
continuous representation approach (Box 3) we caryset SF; andY; = SF;'. We can now
write Equation 1 as fellows:
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where S’ is a scaled version of such that value dependent variance is incorporated into our
maximization problem.

As we show in Section Il below, the above maximization carcést as a quadratic program-
ming problem for which we can obtain the global maxima.

Hypothesis testing: Using the solution of Equation 2 we can now perform a log Ihk@bd ratio
test for our two hypotheses. We first $&tiV;| M;, H,) = P(W;), sincelW; andM; are independent
underH,. For Hy, we setP(W;|M;, Hy) = P(S'F;|S'F¢) were F is obtained by solving the
maximization problem above. Thus, the log likelihood ravaluates to:

p(W;i|M;, Hy) e~ (S'Fi=S"F)T(S"Fi=S'Fy)
- e—(8'Fi—=S'Fo)T (S'F;—S'Fo)

= 2(S'F; — S'Fo) (S'F, — S'Fe)  (3)

To evaluate this ratio test we use the chi-square distobuwtiith ¢ degrees of freedom (whetas
the number of spline control points).

Figure 6 presents the complete Checksum algorithm. Tharidihgn runs in time that is linear
in the number of genes. As we discuss in Results, the set efsgggtected by this algorithm can
be further examined by considering the direction of thesdéhce (eitheW; > M, or W, < M;).

Il. Handling noise in M and Y

As mentioned above our method can handle noise in the measnte of the static and time series
expression data.

While there is reason to believe that the values obtainedvfpwill be less noisy than the
values obtained for the time course experiment (eitherussa many cases the unsynchronized
measurement is repeated or because of the smoothing effatts/erages exhibit when analyzing
stochastic data), our algorithm can be modified to deal witloiay value for)M/. Given a noise
model forM (either from repeats, or using the same noise model uséd)fare obtain new upper

INote that we omit the noise term from this equation since wenaw using the predicted splines for



Supplementary Figure 1: The CheckSum algorithm

CheckSumY’, M, o) { I 6 is the p-value cutoff

For all genes
Compute spline assignmerdt;j and control pointst;)

For all genes {
Let F» be the solution to the maximization problem 3 uskijgand M;
Setr = 2(S"Fe — S'F)T(S'Fo — S'F)
s = 1— cdf of the chi-square distribution ferwith ¢ d.o.f
If s < 0 output:

and lower bounds foM/, and re-run the algorithm above for these two values. Onhgither of
them can be explained BY; do we pick: as a gene with a missing critical measurement.

As for value dependent noise in the time series measuremuaeitsv we briefly describe a
method to incorporate value dependent variance into outiraoyus representation model. The
reader is referred to [1] for more details.

Our framework (equation 1 above) can be modified to use vegmthat depend on expression
value magnitudes. Instead of maximizin@/;|Y:) assuming the same variane&for all values,
we maximizep(Y;|Ye, 02 ... 02) whereo? . . . o2, are them expression value specific variances for
the samples irY;. Recall that the rows of (the spline basis function matrix) correspond to the
time points that were sampled in the reference experimeenol2 bys; the i row of S. Let
S! = S;/o;. Then maximizing (Y;| Y, o3 . .. 02) is equivalent to minimizing| S’ F; — S"F¢||, and
so we proceed by replacing with S’ as presented in equation 2. This results in the differential
weighting of the individual errors arounid, allowing for greater differences betwe#n and M;
for genes with higher expression values.

Ill. The quadratic programming problem

Recall that we are trying to solve the following maximizatgroblem:
te
1
maz g, P(S'F;|S'F¢) such that V/S(t)cht = M, 4)
ls
Since we assume a Gaussian noise modePia#’ F;| S’ F), problem 4 could be written as the
following minimization problem:

ming.||S'F; — S'Fo| such that ATFo = M; (5)

where|| is the L, norm andA is a vector obtained by integrating out the coefficients rheof
the entries of the vectdr. This results in the following quadratic programing proble

ming,0.5Fo(STSFo + (ST S'Fy) Fe subject to ATFo = M, (6)
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We solve the above problem using the Matlab [2] function Gprag’, which uses a subspace trust-
region method based on the interior-reflective Newton neetihescribed in [3]. For non convex
problems, 'quadprog’ returns a local minimum solution. Hweer, in all cases we have looked at,
S'T'S" was a positive definite matrix, and thus a global minimum smiuwas obtained.
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