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Abstract

One current approach to quality control in DNA
array manufacturing is to synthesize a small set
of test probes that detect variation in the manu-
facturing process. These fidelity probes consist of
identical copies of the same probe, but they are
dcliberately manufactured using different steps of
the manufacturing process. A known target is hy-
bridized to these probes, and those hybridization
results are indicative of the quality of the manu-
facturing process. It is not only desirable to detect
variations, but also to analyze the variations that
occur, indicating in what process step the man-
ufacture changed. We describe a combinatorial
approach which constructs a small set of fidelity
probes that not only detect variations, but also
point. out the manufacturing step in which a vari-
ation has occurred. This algorithm is currently
being used in mass-production of DNA arrays at
Affymetrix.

Quality Control for DNA Arrays

DNA arrays are large collections of oligonucleotides
that are produced with a small number of manufactur-
ing steps. An error in a single manufacturing step will
lead to synthesis crrors in many oligonucleotides. How
can one detect whether there is a manufacturing error
and identify a faulty step? Since checking all oligonu-
cleotides on the chip is impractical, quality control is
an important issue for mass-production of such arrays.
We describe an approach based on a small set of test
probes (fidclity probes) that allow one to detect and
identify errors in any manufacturing step.

The mass production technology uses photolithog-
raphy to manufacture DNA arrays, by growing many
oligonucleotides in parallel, adding one base simultane-
ously to a large collection of selected oligonucleotides
(Fodor et al., 1991, Jacobs and Fodor 1994.) Regions
of growth are selected by illuminating specific areas of
the array, causing a chemical protectant to be removed
in those areas. The array is then exposed to a solu-
tion consisting of a single type of nuclectide (itself pro-
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tected), which binds only to the selected areas. This
process may be repeated with different patterns of illu-
mination and differing nucleotide solutions to build a di-
verse assortment of probes. For each construction step,
a photolithographic mask controls the selective illumi-
nation of the array surface. Many different chemical
processes may be used in array construction to optimize
the quality of the probes on the array (Beecher et al.,
1996, McGall et al.,1997.) The design of the photolitho-
graphic masks including arrangement of probes may
also be optimized (Feldman and Pevzner, 1994, Pevzner
and Lipshutz, 1994, Lipshutz et al., 1995, Frieze et al.,
1999.) However, in a mass production environment, de-
viations from an ideal procedure may occur, and must
be detected.

The photolithographic cquipment is in continuous use
and although it is extremely accurate, occasionally vari-
ations occur in the manufacturing process. Although
actual errors are rare, it is often difficult to detect any
errors even the most extreme, since a reference array
and a defective array may appear very similar in over-
all behavior. However, cven in the case only one chip in
a thousand is defective, it may cause serious problems
and result in misinterpretation of experimental and di-
agnostic data. From this perspective, using a defective
DNA chip may cause damage comparable to damage
caused by a defective Pentium chip. Since these errors
may be difficult to detect, a quality control procedure
1s necessary to assure error-free production of the chips.

As an example of an error, the synthesis of many
probes on an array may be affected by a missing or al-
tered chemical synthesis step., but only a few of the
(changed) probes may noticeably differ in their hy-
bridization to a target under experimental conditions.
In a common tiling array (Chee et al, 1996), the ma-
jority of the probes do not hybridize with a particu-
lar target, and hence any change in their hybridization
behavior may go undetected. It is likely that several
strongly hybridizing probes would also be affected by
the change. However, if the alteration occurs towards
the end of such probes, the hybridization signal will
only be slightly reduced. Further, it is not obvious how
to disentangle variations in the hybridization behavior
caused by changes in the probe manufacturing process
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from natural variations occurring within an experiment.
For stringent quality control, it is desirable to detect
variations in the norinal manufacturing process before
they stray from acceptable limits and cause actual er-
rors. For this purpose as well, it is important to have
a method of analyzing process variation independent of
the actual experimental use of the array. It is important
to detect that a manufacturing step has varied, and in
addition, it is valuable to determine in which particular
manufacturing step a variance took place. Detecting
the specific step at which a variation occurs allows one
to more easily diagnose the source of any manufacturing
difficulty.

One method of performing this diagnosis i1s to com-
parc a test set of probes of identical sequence that
are produced using different manufacturing steps. 1If
this set is sufficiently diverse, every manufacturing step
error should have a unique signature of affected test
probes. The computational challenge in fidelity probe
generation 1s to find a small, yet diverse, collection
of ways to synthesize an oligonucleotide sequence us-
ing diffcrent manufacturing steps. We have solved this
problem by finding a small and diverse set of paths in
an acyclic graph similar to the dynamic programming
graph for sequence alignment. Random generation of
such paths does not produce a small set mecting our
requirements for diversity, and so we propose a deter-
ministic approach that works well in practice. To the
best of our knowledge, problems of this type have not
been examined before in computational biology and the
algorithm below outlines one solution as described in
the resulting patent application.

Fidelity Probe Generation

The manufacturing process is described by a manu-
facturing protocol, S = S5152...5,, which is a string
over the alphabet, A, T,G,C, with S; corresponding to
the nucleotide added in the #th manufacturing step.
Any subsequence of S may be synthesized at a given
address using the photolithographic process. Usually,
many different subsequences of the protocol correspond
to a given scquence p = pips...p.  We call these
different subsecquences p-subscquences in S.  For ex-
ample, given the protocol S = ACCGTTACGYT, and
the desired probe sequence p = ACGT, the six pos-
sible p-subsequences in § are { 51595351, S1525355,
5153.5'359, 5’153.935'9‘ 31575859, SGS'?SSSQ } In each
p-subsequence, the monomers A,C,G,T arc added in
that order to produce the probe ACGT, but different
manufacturing steps are used.

Since all p-subscquences construct the same oligomer
p, addresses corresponding to different p-subscquences
should have similar hybridization behavior. If similar
behavior is not seen, then the manufacturing proto-
col has varied in some step. Therefore, we may use
an appropriately chosen set of p-subsequences to de-
tect variation in the manufacturing protocol. Given
a selt of p-subsequences, F'P, define the subsct of p-
subsequences that use the letter S; to be P;. This sub-
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set conststs of those p-subscquences that are affected
by variations in the step 4. If these subsets /% are cach
unique, a change in any single step 7 of the manufac-
turing protocol will have a unique signature of affected
p-subsequences which allows one to find the erroneous
step. lu practice, we want to design p-subsequences to
fill a reserved set of N addresses, so that every step
in the protocol .S is represented several times (required
for good statistics.) Therefore we have a chosen pa-
rameter, Mindize, determining the minimum number
of p-subsequences alfected by cach manufacturing step.
To ensure that every step has a unique signature (set
of addresses that respond when it varies), we require
a parameter MmDf, indicating the minimum number
of differences between every pair of sets Py and P to
count them as 'unique’.

Fidelity Probe Gencration Problem. Given a protocol
S, a probe p, a number N, and constraints MinSize,
MinDiyj, find N different p-subsequences in S such that
o | Pi|>MinSizcfor 1 <i<s
o | P\ Pz MinDifffor 1 <i#j<s

While the fidelity probe generation problem conld bhe
formulated as a minimization problem in N, we prefer
the formulation above since in practice the number N
is a fixed constant. Note that this formulation of the
problem assumes that every S; can be present i some
set of p-subsequences. This is false in general, and in
{his case, the algorithin reports that there is no answer.

At first glance, it scems thal a simple approach that
generates p-subsequences randomly would satisfy the
constraints. Although for sufliciently large N such a
naive strategy may succeed, for practical values of N,
MinSize, and MinDiff, our computational experiments
demonstrate that at least one of our constraints is vio-
lated under this approach. Therefore a more sophisti-
cated approach is required.

Algorithm for Fidelity Probe
Generation Problem

The problem with the naive "random choice™ approach
1s that each additional p-subsequence generated only
makes a small contribution towards satisfving our Afin-
Size and MinDiff constraints, and thus leads to an ex-
cessive number of fidelity probes N. "Thus, we wish
o bias the selection procedure so that cach additional
p-subsequence makes a large contribution towards sat-
isfying our constraints. A compact mecthod of repre-
senting all possible p-subsequences is to construct a di-
rected acyclic graph similar to the dynamie program-
wing graph for sequence alignment. The dynamic pro-
grammiug matrix for p-subsequences in 5 is set up
betwcen the probe, p, and the manulacturing proto-
col, 5 (Tig.1). The corresponding dynamie program-
ming graph contains all horizontal edges, and diagonal
edges from (i — 1,7 — 1) to (7,j) il py = ;. Lvery
path from (0,0) to (¢,s) in this directed acyclic graph
corresponds to a possible p-subscquence. Since gen-
eration of p-subsequences by finding random paths in



DAG for S = ACGTTACGT, p=ACGT

Paths corresponding to subseguences
N = 6, MinDiff = 1, MinSize = 1

ACGTTACGT

Figure 1: Diverse paths in DAG generate fidelity probes

this DAG does not produce a feasible solution, we sug-
gested the idea of "reweighting” this graph. Given a set
of p-subsequences that partially satisfy the constraints,
we want to weight the edges of this graph so that the
shortest such path produces a new p-subsequence that
helps us satisfy the constraints. 'I'he newly generated
p-subsequence is added to our set, and the DAG is
rewcighted. Ilach iteration of this procedure should
add a p-subscquence that satisfies new aspects of our
constraints. Thus, we must find a method for choos-
ing weights that causes the shortest path to differ from
previous p-subsequences.

Weighting the graph has some subtle aspects. A nat-
ural strategy to satisfy the MinSize constraint is to
weight edges in the graph with the number of times
each edge is used in p-subsequences. Repeated genera-
tion of p-subsequences corresponding to a shortest path
in the DAG with the DAG reweighted every time a p-
subsequence is generated should produce a diverse set
of p-subsequences. However, this natural strategy does
not produce a small set of p-subsequences that satisfy

our conditions, because many different edges may cor-
respond to the same synthesis step. It is necessary to
explicitly include our conditions in the weighting strat-
egy. For example, weighting the edges corresponding to
manufacturing steps S; that have been used more than
MinSize times automatically causes the shortest path to
pass through a maximal number of unweighted edges,
and hence constructs a p-subsequence that assists us to-
wards satisfying our MinSizc constraint. An improved
strategy is to weight the edges based on the number of
times the corresponding manufacturing step S; is used.
Using this improved strategy, repeated generation of
p-subsequences will gradually satisfy the MinSize con-
dition.

Unfortunately, our MinDiff condition may not be sat-
isfied by this procedure. In order to make progress to-
wards satisfying our AfinDiff condition, two manufac-
turing steps .S; and S; are chosen for which the condi-
tion is not satisfied. The subroutine of the algorithm
SplitSteps, reweights two such manufacturing steps to
encourage one and discourage the other. 1t is immpor-
tant that the revised weights are not reweighted to have
the same sum as beforc, because then the shortest path
could use both edges and pay no penalty. A further dif-
ficulty is that often there are correlations between steps
so that using one step S; in a p-subsequence forces the
use of another step S;. To avoid this difficulty, if the
previously generated set of p-subsequences has an even
number of members, 5; is encouraged, and if it has an
odd number of members, S; is encouraged. In this man-
ner, even if S; is discouraged, but S; forces the use of
S; so that progress is not made towards the MinDiff
condition, the next iteration of the algorithm will en-
courage the use of S; and discourage S; and so make
progress towards satisfying the MinDiff coustraint. If
the MinD:ff condition is satisfied for all pairs of steps,
then SplitSicps chooses a step that has been used in the
fewest p-subsequences and encourages that step, while
discouraging a step thal has been used in the most
p-subsequences. In the code, the manufacturing step
that is encouraged has the weights of the correspond-
ing cdges reduced by 2x LARGL and the discouraged
manufacturing step has the corresponding weights in-
creased by LARGE, where LARGE is a large constant.

Surprisingly, under several reweighting strategies, re-
peated generation of shortest paths often produces
paths duplicating a previous path. Since we are looking
for a sct of distinct p-subsequences, a simple reweighting
scheme TaubuScarch is used to guarantee the uniqueness
of each chosen p-subsequence. In this reweighting strat-
cgy, those manufacturing steps used by the duplicate p-
subsequence are increased in weight, and a replacement
p-subsequence is generated. This procedure is iterated
until a distinct p-subsequence is created, or LOOPMAX
iterations have occurred. If LOOPAMAX itcrations oc-
cur, the subroutine returns a duplicate p-subsequence,
and hence the set of p-subsequences produced will not
have distinct members and the algorithm will return no
solution found.
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Specifically, a set of fidelity probes mecting our con-
ditions are constructed by FidelityProbe, the following
algorithin. At every iteration, we start with the set F'P
consisting of the p-subsequences already constructed,
and produce the p-subsequence PR. P; is the subset of
I P which uses the manufacturing step S;. ‘The directed
acyclic graph DAG is constructed as described above.
The set of edges £ corresponding to the manufacturing
step Sj are those edges (2 —1,j — 1) to (4, ) in the jth
column of the DA’ where p; = 5;. Because each edge
in this set I; corresponds to the same manufacturing
step, each such edge has the same weight assigned to it
as all other cedges i E;. These weights are tracked by
the variable VW eight[j]. corresponding to the identical
weight assigned to cach edge within F;.

FidelityProbe(p,S,N, MinDiff, MinSizc)
FP <@
for k « 1 tos
Py« 0
generate D AG corresponding to p and &
while | FP|< N
forh < 1tos
Weight[k] | x|
SplitSteps( DAG, ')
FP « FPU{ TabuScarch(DAG . F P}
if F'P satisfies fidelity probe requirements
output.
else
output * no solution found ™

SplitSteps(DAG ,FP)
if exists 1 # 7 such that| P\ P |< MinDiff
if | FP|is cven
Weight[i] « Weight{i] + LARGE
L‘t‘,f‘ight[j] +— We i.(/h[.[j] -2+ LARGE
clse
Weight(j] « Wcight[j1+ LARGE
Weight[i] « Weight[i]] — 2« LARGE
clse
Find 7 # j such that | /% | is minimal
and | P, | is maximal
Weight[i] « Weight[t) — 2+ LARGE
Weight{y] « Weight[y] + LARGE
return

TabuScarch( DAG, F'17)
c+— 0
repeat
PR « ShortestPath(DAG)
ifPRel’l
for k< 1tos
it 5. € PR
Weight[k] « Weight[k] + 1
ci—c+1
until PRE P or ¢ > LOOPMAN
for k «+ ltos
if PR uses step k
Py Pru PR}
return ’1¢
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Conclusion

This algorithm has several helpful properties. First, it is
deterministic. so that it produces the saine sct of fidelity
probes for identical manufacturing protocols. Second,
the TabuSearch routine may be easily modified to avoid
any pre-specified set of p-subsequences, The first prop-
erty is valuable because 11 allows fidelity probes to be
consistent between diflerent DNA arrays, and the sec-
ond 1s valuable because it allows several different sets
of fidelity probes to be generated and compared.

In practice, a DNA array is designed to reflect a bio-
logical problem and a manufacturing protocol 5 1s con-
structed for the synthesis of that array. A preselected
20-mer quality control target, and the four possible 17-
mer probes that hybridize perfectly to thal target are
used in the fidelity algorithm. Obviously, if a given
manufacturing protocol begins with the addition of a
monomer that is not the same as the initial monomer
of the desired probe, there are some cycles in the man-
ulacturing protocol that cannot be present in any p-
subsequence. With four different probes, cach one start-
ing with a different one of the four possible monomers
and ending with a different one of the four possible
monomers, a greater variety of manufacturing proto-
cols may be handled. For each of these {our probes,
N = 32 p-subsequences are generated, utilizing all cy-
cles in & that can be covered by that probe. The final
sot of 128 p-subsequences are placed into the reserved
addresses tu the array.

This algorithm satisfies the technological require-
ments. A typical manufacturing protocol S5 is 60-100
steps, usually ACGT ... ACGT, or a short edit distance
from such a string. The algorithm produces a set of fi-
delity probes satisfying our requirements froin a typical
20-mer quality control target. A number of theoreti-
cal questions remain. For example, given a typical set
of manufacturing protocols, what i1s a target that can
be used for fidelity testing on any of the protocols? Is
there a simple algorithm that solves the problem over a
wider range of protocols and probes than this algorithm
does?
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