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Abstract

We propose a hovel solution for determining the
confidence of a particular base call within a
sequence being called correctly. The confidence
value measure has proven to be an important tool
when it comes to assembling a final DNA sequence,
which is apparent from their explicit use in sequence-
assembling algorithms. Though the current model
for determining confidence value has been employed
successfully and has gained wide acceptance,
utilizing just one static model for all sequences, in
light of new sequencing techniques and process
variability, leadsto an inflexible model. Our model
employs fuzzy logic, which forwards flexibility,
adaptability and intuition through the use of
linguistic variables and fuzzy member ship.

Keywords

Confidence Vaue, Base Calling, Fuzzy Logic,
Consensus Algorithms.

1. Introduction

1.1 Motivation

The unspoken goal of research into base-calling
algorithmsisto attain 100% accuracy, which
would completely obviate the need for any
intervention to determine the correct sequence.
But given the current state of the art, more
pragmatic goals for the next few years are for
error rates around <1%. Although thisisvery
low, it is certainly not zero. Which means
intervention, including consensus algorithms [1]

and human operators, cannot be eliminated

anytime soon. Paradoxically, as base-calling
algorithms’ error rates drop, the smaller base-
call errors can become obfuscated and difficult
to locate. That is why assembling algorithms
and human operators use the confidence value
measure to determine how well the base-calling
algorithm has performed at particular base calls,
which clearly makes it easier to uncover
potential errors and to correct them, thus
increasing throughput of genetic sequencing. It
is unmistakable that confidence value prediction
has emerged as an essential tool in contemporary
genome mapping projects.

While developing a novel adaptive base
calling strategy we wanted to add a confidence
value measure feature. One method [2] that has
been utilized generates a value that is predictive
of the true error of a base-call sequence by
means of a lookup table that contains trace
features as the index and the confidence value as
the result. Though this method has gained wide
acceptance, employing just one lookup table for
all sequences leads to an inflexible model. As
sequencing machines, sequencing chemistry,
and base-calling algorithms improve; models
must adapt in order to reflect the technological
progress. Even worse there can be variations
between sequencing machines, which can
compromise the model rendering it not truly
predictive of the error.

1.2 Previous wor k

By far the main body of work accomplished in
the area of confidence value was done primarily



in support of the development of the phred base
calling system [2]. The goals of their work were
to produce a predictive confidence value
measure that would directly correlate to true
trace error rates and to the have this value be
useful in discriminating where possible errors
arelocated. By employing a greedy algorithm
on alarge data set they were able to create their
model (alookup table). Theinput space consists
of four trace data features. The output spaceis
the resulting confidence value, which should
relate to the true error probability of a base call
by the following equation.

d= - 10 ¢ logyo(€)

Where g isthe confidence value and eisthe
error probability. The error value was log
transformed because the error probabilities they
were working with were so small.

One contributing measure that their
system introduced was the discrimination power
of the confidence value. That is, how well does
the system perform at locating the regions with
errors and regions that are error free? Thisis
best illustrated by an example. Suppose we have
a base call sequence that contains 5 errors within
a 100 basetrace. A perfectly correct confidence
value for each base call could be the value 13.
This number comes from the fact that each base
call isgiven an error probability of 5/100. So
the confidence value is calculated by (- 10)
10g10(5/100) =13. Even though the confidence
value is correlated to the error rate it doesn’t

give us any idea where the errors are located. A

better example would be splitting the 100 bases
in half into two groups of 50 bases each.
Suppose also that we find the first half has 4
errors and the second half has 1 error. This
would mean that the bases in the first half could

WhereP, is discriminating power factor for
error rater. |B| is the number of bases in set B
and|B;| is the number of bases By.

B, B such that the error ratein B,<=r
and whenever B, includes a base call b,
B; includes all other base calls where
their error probabilities areless or
equal to that of b’s.

Thelast condition in the above statement insures
that we have the maximum number of |B,| that
we can have. So we can see that we would want
the largest set of B, we can have for small error
ratesr. In effect spreading out the error
probabilities, thus increasing its discrimination
properties.

Finally let's examine the trace features used in
phred base calling system:

1. Peak Spacing: Thisfeatureistheratio
of the largest peak-to-peak ratio to the
smallest peak-to-peak ratio within a
window of seven peaks.

2. Uncalled/called ratio: Thisfeatureisthe
ratio of the amplitudes of the largest
uncalled peak to the smallest called
peak.

3. Uncalled/called ratio2: The only
difference between the second and third
featuresis the window size used, which
was seven and three peaks respectively.

4. Peakresolution: Thisfinal featureisthe
number of bases between the current
base and the next unresolved base (in
the phred system an unresolved base
call islabeled with an N).

We can see that by utilizing a table we introduce

all be assigned the error probabilities 4/50, while discontinuities between table entries, which

the other half of the bases could be assigned

1/50, thus corresponding to confidence values of

11 and 17 respectively. We see that this
example does a better job at discriminating the
poor region (the first half) from the region that
performed well (the last half). This leads to
their definition of discriminating power.

P=|B| /|B|

could cause resolution problems for input
features near the edges of the entries. Also the
nature of the greedy algorithm that they used
may, depending on the training data, produce
large sections that lump in large ranges
parameters together. This means if data comes
along later with true variations in error rates
within the large sections, the confidence value
could be flattened. Also this system does not
allow for the model to adapt to newer base



calling techniques, variations in sequencing what the linguistic variable ‘warm’ means much
machines, and deviationsin other quality control better then two-valued logic ever could.
measures all leading to a very inflexible model.

Finally the model doesn’t forward any intuition -
with the trace features as they relate to the
confidence value.

Alive

Fal

Fig}ure 1: Boolean set of bel ng Alive. Noticethe
membership is either O or 1.

1.3 Fuzzy Logic

The incentive for using a fuzzy model is so that - Warm

we can take advantage of the linguistic variables

feature inherent in fuzzy logic. Since linguistic

variables are based from natural language, we

are able to fashion models from the insight of Temperature

experts even if they have minimal mathematical - Figure 2 Fuzzy set of being Warm. Notice the
backgrounds. The result is an intuitive model membership degree is along the interval [0.1].

instead of a mystical black box. At the same

time, fuzzy logic is powerful enough to model Now that we have examined a Fuzzy variable it

complex non-linear systems that are ubiquitous seems natural to discuss Fuzzy operators.
in contemporary predictive and control domains.

Finally, after a rough model is produced with the AandB = LX) = Ua(X), (X))

help of experts, the system can be improved AorB = Uams(Xy) = HuaX), LX)
further by tuning the model through the use of NotA = (X = 1-4a(X).
various mathematical techniques such as genetic

algorithms and clustering. _ Here we define both thend’, ‘or’, and ‘not’

. FuzzyLogic is a natural extension of operators. We see that the crisp variak|gs
traditional Boolean Logic. To illustrate this can be over different universes of discourse. For
point we should first entertain what is meant by examplex could be the absolute temperature
traditional set membership with respect to measured in degrees (a universe of discourse)

Boolean Logic. In this case a value either has  5nqy could be the humidity measure in percent
membership or does not membership within a (another universe of discourse). Tinge)

defined set. The step function in figure 1 is a function return the degree of membership for a
great illustration of two-valued logic where an crisp value in fuzzy set A, which would be a
object’'s membership is either alive or not alive. | ,o),e between 0 and 1 in,clusively. The union

For example a rock is not alive and under no and intersection of the degrees of memberships
circumstances is it alive. To contrast this we can yaq.it in or’ and ‘and operators respectively.
sample a certain population of people on The compliment results in thadt’ operator.
whether or not is it warm outside over avarying - Thge ynions and intersection of fuzzy sets can be
degrees of temperatures and plot the number of  jafined in many ways, but they are most

people who think it is warm versus temperature. commonly defined as theaximum function and
The result would most likely be a Gaussian minimum functions respectively. The not
membership of degrees of ‘warm’ as seen in operator is commonly defined ag/()

Figure 2, thus reflecting the naturally ambiguous The Fuzzy model we used erﬁployed
term ‘warm'’. Instead of a value having a implications in the form of if-then rules [SA

membership of 0 or 1, the degree of membership implies B can be determined by finding the
in Fuzzy Logic lies between 0 and 1 inclusively, minimum of fuzzy sets A and B

which allows for a value of .5 ‘warm’ to be a
possible value. We can see that the membership

function in Figure 2 captures the essences of lfxisA thenyisB -~ AnB



Lastly we need to find the crisp output by
finding the center of gravity of the aggregate of
all theresults of the implication. We apply the
center-of-gravity method because the aggregate
implication resultsin anew fuzzy output set,
while in fact we need asingle crisp output.
Applying the maximum function to all the
resulting implications performs the aggregation.

The entire Mamdani inference is outlined below.

1. Map thecrisp inputsto their fuzzy
member ships.

2. Aggregate the antecedents of the if-then
rules by applying fuzzy operators.

3. Performthe implication.

4. Aggregate all the results of the if-then
rules.

5. Map the aggregate set to a crisp output
by apply the center-of-gravity method.

2. Fuzzy Mode | mplementation

Theinitia motivation for devel oping the model
was so our base-calling algorithm could have a
confidence value to compl ete the system. We
wish to collect trace features and use them as
inputs to the fuzzy model. In thisfuzzy model
we are able to collect three trace features from
our base-calling algorithm. Thefirst featureis
the height, which is simply the height of peak.
The second is the peakness, which is a measure
related to the concavity at the top of apeak. The
final feature is the base spacing, which are just
the location differences from one peak to
another. In addition to determining if abaseis
being called correctly, we added a second fuzzy
model to produce a second confidence value
related to base insertion/deletion errors. Another
thing to keep in mind hereisthat our base-
calling algorithm not only identifies the most
likely base call candidate within alocal position,
but it is aso capable of identifying a second
most likely base call candidate. Thisgivesusa
starting point from which we can define input
variables to our fuzzy system. Later on we will
define rough membership functions along with
some intuitive if-then rules. These can always

be tuned later using clustering, genetic algorithm
techniques, and neura -fuzzy techniques.

2.1 Confidence Fuzzy M odel

Below isthe list of inputs/outputs of the fuzzy
system along with a short description.

P.aes:  Peakness of the base called.

P, Peakness of the 2™ candidate.

Hcalled: Hei ght of the base called.

Hoa:  Height of the 2™ candidate.

ASyeious: The difference between the actual
and predicted distance to the
previous base.

ASe«. The difference between the actual
and predicted distance to the next
base.

Cy Confidence value of the base called
relative to the peakness variable.

Cu: Confidence value of the base called
relative to the height variable,

Cus Confidence val ue of the base called
relativeto ASvariable.

C: Overall confidence value of the base
called.

In figure 3 we can see that the confidence
model consists of three fuzzy sub-systems along
with one main fuzzy system. The 6 inputs for
height (Hcaiied, Hana), P€3KNESS (Peaiied, P2nd), and
delta-spacing (ASyeviouss AShex) are direct inputs
to the fuzzy sub-systemswhich resultin 3
intermediate confidence inputs (C,, Cy, Cg) that
feed into the main confidence system. The
result of the main system isthe final confidence
value (C) for the given trace features.
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Figure 3: Model Overview
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The next thing to consider was the membership
functions. What function should the fuzzy sets
take, and how many regions should each
universe of discourse be divided up into? There
istruly no perfect solution, but since we are
setting up ageneral system to begin with, a good
shape to begin with for member functions are
Gaussians. Each fuzzy variable was arbitrarily
divided up into 3 or 4 fuzzy sets, which was
based on intuition. For example the height was
separated into 3 fuzzy sets low, medium, and
high, as seenin figure 4 below. We see the
centers of the Gaussian functions were spread
evenly over the universe of discourse and that all
input variables were normalized. The widths of
the Gaussian functions with three and four
member functions were set to haveo values of
2123, and .1416 respectively. Thisgivesusa
solid starting point for the confidence value
model.
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Figure 4: Height fuzzy sets

2.3 1f-Then Rules

Thefinal thing to sketch out is a starting point
for theif-then fuzzy rules that were gleaned
fromintuition and experience. All the
implications, fuzzy operators within the
antecedents, and implication aggregation follow
those guidelines drawn out in the Mamdani
method described in the Fuzzy Logic section
1.3. Intheseif-then tables we use the fuzzy sets
Very Low (VL), Low (L), Medium (M), High (H),
Very High (VH). We can see from Table 1 that
we can extract the if-then rules. An exampleif-
thenruleis: if Heaeq LOW and Ho,g s high then
the output is Very Low.

Table 1: Height fuzzy if-then rules for fuzzy sub-system

H?nd
Low Medium High
| ow M L VL
Medium H L VL
High VH H L

Table 2: Peakness fuzzy if-then rules for fuzzy sub-system.

P2nd
Concave | Flat |Mediu | Sharp
m
Flat M L VL VL
Medium H M L VL
Sharp | VH H L L

Table 3: Spacing fuzzy if-then rules for fuzzy sub-system.

|ASprevious|
Smal | Medium | Large
5 Small VH H M
4 Medium H M L
Large M L VL

Table4: A Sample of the Main system fuzzy if-then rules

Ce Cy Cus &
H L H M
H H L H

VH M H VH

Table 4 only shows a partial table that contains
the 125 (5% if-then rules. An exampleif-then
rule here might be: if Cphigh and Cyislow and
Casishigh then Cis medium.

2.4 | nsertion/deletion confidence value

In addition to the traditional confidence value
our model includes a supplementary confidence
value that predicts the insertion or deletion error
in the neighborhood of the base called. We
denote this confidence value as Cipgq. N this
case, alarge negative confidence value would
mean that the actual spacing issignificantly



smaller than the expected one and therefore has
a high probability of an insertion error.
Similarly, avery large positive confidence value
will indicate a high probability for a deletion
error near by.

This fuzzy system uses two inputs
variables AS;ejious aNd A4S, to calculate Cinga.
Thelinguistic terms for ASyevious, ASext, and
Cinger Will having varying degree of membership
in the following fuzzy sets: large negative (LN),
small negative (SN), zero (Z), small positive
(SP), and large positive (LP). Thefuzzy rules
for thismodel are shown in Table 5.

Table5: Insertion/Deletion fuzzy if-then rules

ASprevious
LN SN Z SP LP
LN LN SN SN SN Z
g SN SN SN Z Z sP
4 z | SN | z z z | sp
SP | SN Z Z SP SP
LP 4 SP SP SP LP

2.5 Improved Fuzzy Model and M odel
Tuning

After looking at the height and peakness data, it

is apparent there is a strong dependency on

position. Thisis apparent from Figure 5 when

we plot the height versus base-position. This

stems from the fact that our base-calling system
doesn’t scale (in the same way) the data in an
effort to preserve features as most other base-
calling systems do. It is apparent that if we use
the data as-is the confidence value will have a
strong dependency on base position, which may
inevitably be a correct final result, but does not
follow the local spirit in regardseight and
peakness in our fuzzy model.This dependency

of the confidence values on the base position is
depicted in Figure 6 created based on the
processing of 800 files. One solution is to send
a more even-scaled version of this data. We
propose to change the fuzzy model described in
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Figure 5: Normalized Height vs. Base Position in file of
typical un-scaled ABI 3700 file.
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Figure 6: Confidence vs. Base Position from 800 ABI 3700
fileusing initial fuzzy model. Note here that the confidence
ranges from O (Not Confident) to 1 (Very Confident)
linearly.

Although we don't anticipate changing the type
of membership functions, it is possible for the
number of fuzzy sets to increase and the centers
and widths of these Gaussian functions to
change as well. This would take place in a
tuning phase where we would identify numbers
and centers of regions through clustering
techniques such as fuzzy c-means clustering that
can be performed on the input and output space.
The results would directly relate to new member
function locations and widths. These

the above paragraphs (2.1-2.3) such that the new mempbership functions could be tuned further

inputs to the system are ratios of the base call
heights and of the peaknesses as opposed to
using the absolute values of those variables. In
this way, the discriminating power of the Fuzzy
Logic system is increased.

using genetic algorithms. In addition, if-then
rules that we have established may be added or
removed using neural-fuzzy techniques in an
effort to further improve the model.



3. Results & Conclusion

In this paper we have proposed anovel Fuzzy
Logic approach for estimating confidence values
for DNA base caling. In addition to the
traditional base call confidence value, a new
indicator is being proposed to assess the
probability that a base call isaninsertion error
or that in the corresponding position thereis an
indication of adeletion error. We have more
than 1100 ABI 3700 type filesto work with. We
will use 2/3 of the files for tuning our fuzzy
model and the rest for testing. Measures that
will be important in determining performance
will be how close the error probabilities for base
calls match the true error probabilities. The
second major factor will be comparing error
rates and number of base calls that fall within
those error rates. Thiswill provide information
needed to cal cul ate the discriminating power
factor outlined in section 1.2.
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