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Abstract—Data files have traditionally been thought of as the
input and output of programs, as well as their intermediaries.
When the need for usage of data files by a diverse set of consumers
was recognized, it was addressed primarily by the addition of
metadata. This metadata is structured data, providing guidance
regarding the use of the data. Unfortunately, this approach has
proven inadequate for the myriad applications of today. We posed
two questions of a very common and popular data file standard
in bioinformatics. First, are the conclusions presented in such a
file verifiable? Second, can one use the data to test for alternative
conclusions? Our answers for both questions were negative. In
this paper, we outline the problems we found and propose a
remedy. While we have used bioinformatics as a case study, our
results are more general.

Keywords–Knowledge Representation; Comprehension; Seman-
tics; Bioinformatics.

I. INTRODUCTION

How are data files designed? Traditionally, they have been
designed to handle the needs of a computer program that
consumes it, or as the output of a program for use by either
humans or yet another program.

Thus, software systems exist that will take some particular
data format and operate on it with satisfactory result. Such
programs have canned understanding of the data and how it
should provide some solution desired by a user. However, users
themselves may neither be able to examine that data or make
any sense of it at all. These individuals must rely on some
software in order to express the high-level concepts that data
tries to represent.

This problem exists because data usually lacks a kind
of description of its content or guidance about its use. The
solution to this problem has been metadata, but what amount
of metadata is adequate? It is not clear where to draw the
line; usually, metadata is constructed in an ad-hoc manner. We
suggest that the answer be tied to an ontology, i.e., data files
should be designed in terms of concepts defined in an ontology
of the domain.

We consider bioinformatics data files in the very popular
SAM file format and ask two questions: does the data format
support (a) extensibility and (b) reproducibility? The first
question asks whether or not researchers can use the included
metadata to pose queries that pre-existing dedicated software
(SAMTools) cannot answer.

Such extensibility is desired today as funding agencies
are now insisting on the availability of created data sets for
use by others; this has the promise of increasing research
impact — perhaps exponentially. Reproducibility of results is

a cornerstone of research. This too, we feel, must be supported
by the published data sets.

In this paper, we report how we obtained negative answers
to both questions of the SAM format. Further, we identify the
gap as the lack of declarative functions or algorithms.

The issue of computational solutions in research has at-
tracted renewed attention [1]. Currently, there is no accepted,
standardized way for both code and data to be included
alongside journal publications, and even the role a journal
should play in vetting this additional information is not clear
[2].

Research on data provenance is a promising line of attack:
it attempts to bring lineage in the form of input, output, and
so forth, presented as some workflow with clear beginning
and end. myGrid, for example, creates such workflows from
actionable steps in a process that can be saved and shared for
re-use [3].

The Collaboratory for Multi-Scale Chemical Science
(CMCS) is similar to myGRID, except that it has philosophical
differences on what metadata means, and is able to present
papers into related workflows. This is beneficial, since the
scientific narrative and explanation of some methodology can
be referenced and associated with previous, peer-reviewed
research [4].

The solutions in myGrid and others, however, rely on
middleware (such as Taverna [5]) to build and re-use the
XML workflow constructions. A more light-weight approach
is found in ESSW [6], which ties metadata and provenance
to regular software by wrapping scripts around them. A script
must be built for each actionable step (from input-to-output),
and the script-writer is responsible for each piece of lineage
information in the resulting provenance record.

myGrid and CMCS are both particularly interesting solu-
tions, since they attempt to pair process workflow activities
with domain-specific concepts. Tying such meaning to prove-
nance records allows for researchers to understand, query, and
make use of data more effectively.

The problem with all of these approaches is that they
typically work on entire sets of data or files. What is needed is
a solution that deals with sections or components of data within
files. We imagine using the Resource Description Framework
(RDF) [7] to annotate directly within data files themselves.
RDF is a desirable choice for annotation, because its pairing
with ontologies is understood [8], and RDF has been already
been useful in provenance research, such as myGrid.
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Furthermore, even with all this research, the entirety of
processes that transform some initial data into some final
result is not represented clearly in the data itself. While
implementations of embeddable scripts into workflows are
possible to view and maintain, internals of online web-services
or programmed solutions can be opaque. The functions that
are used in some computational solution may remain a black-
box or exist in various languages that researchers of different
fields will be unable to make sense of. What is needed is a
description of these computational processes that is not tied to
the computational language of some developer’s choice. More
clarity by way of idealized functions in the precise language
of mathematics would alleviate this problem.

The rest of this paper is structured as follows. In the next
section, we provide a short primer on biology, and subse-
quently, we examine the structure and contents of the SAM
format. The following two sections investigate an appropriate
formalization in the context of the questions of extensibility
and reproducibility. We then offer concluding remarks.

II. THE UNDERLYING BIOLOGY

Since we are using bioinformatics data, let us present a
few related concepts from Biology. To motivate the reader, let
us propose an experiment: we need to explore the differences
between the DNA molecules obtained from two individuals of
the same species: an ‘experimental’ individual affected by a
disease versus a ‘reference’ individual without such a disease.

The DNA molecule is essentially a long sequence of
nucleotide bases: adenine, guanine, cytosine, and thymine,
represented by one of the letters A, G, C, and T respectively.
For many organisms, a reference typically representing the
entirety of its genetic material is already published on the web
and is commonly referred to as a genome.

In the laboratory, there are methods of DNA sequencing,
i.e., obtaining the exact order of those bases within a DNA
molecule extracted from the ‘experimental’ individual. We will
refer to such methods as wet lab processes. For organisms
with short sequences, i.e., with length in the hundreds, it
is a relatively straightforward process. Interesting organisms,
however, have very long sequences (the human genome has
over 3×109 bases). For those, the approach is to fragment the
DNA randomly, replicate them, and determine the sequences
for the short fragments (for which task there exist machines).
The sequences obtained from the wet lab process are referred
to as reads. Unfortunately, the wet lab methods are error-
prone. Hence, the machines emit a probability of correctness
(or quality) with each of the bases in the short sequence.

The remaining task is then to attempt to piece them
together to infer the original, long sequence. This task is
called alignment; it is a dry lab process in the sense that it
is performed using computational methods.

Alignment (or sequence alignment, or sequence mapping)
consists of matching each read from the experimental DNA
against the pre-existing reference sequence. The task is chal-
lenging, since each obtained read could fit in many locations
of the (huge) reference genome. The goal is to find the best
match out of all possible matches.

As an analogy, one can think of sequencing as reading a
book, attempting to commit its contents to memory, and then
matching the memory against the actual contents of the book

(reference). As one tries to recall from memory and match
against the book, one will most likely realize that one lacks
some words, mixes up the order of others, and so on; the result
would be a series of ‘close’ matches, each with a notion of
where it might properly fit in the actual book.

For example, suppose one wanted to align the sequence
“TAAGCT” with the reference “TACGGT.” There is more than
one way they might align; two of them (as per the Needleman-
Wunsch algorithm [9]) are shown in Tables I and II.

TABLE I. SEQUENCE ALIGNMENT

Position 1 2 3 4 5 6 7 8
TACGGT T A C G G T
TAAGCT T A A G C T

One possible match between “TACGGT” and “TAAGCT” using Needleman-Wunsch
for global alignment. Insertions and deletions are denoted by underscores.

TABLE II. ALTERNATIVE SEQUENCE ALIGNMENT

Position 1 2 3 4 5 6 7 8
TACGGT T A C G G T
TAAGCT T A A G C T

Another possible match between “TACGGT” and “TAAGCT” using Needleman-Wunsch
for global alignment. Insertions and deletions are denoted by underscores.

In I, the character bases TA match exactly; A is an insert-
error (requires it to be inserted into the reference string), G
is a mismatch error, then there are two delete errors (the next
two characters of the reference GG must be deleted), C is a
mismatch error, and finally T is an insert-error.

Part of the task is to decide the best match. One way is to
assign scores to each match/error; e.g., each insertion/deletion
(indel) and mismatch error can be given negative values and
matches positive values. Then the sum of the scores for each
base in the experimental sequence can reflect the goodness of
this match. The best match would be the one with the highest
overall score.

It is possible to have a more complex scoring matrix in
which each type of base match/mismatch/indel has a different
value (e.g., A–G mappings might be given a higher value than
A–C).

Another possible approach is to take into account the
quality values of each base in the sequence obtained from the
wet lab experiment. For example, a mismatch error may be
forgiven if the base in question was already flagged with a
poor quality score [10].

Yet another approach may penalize each beginning of a
series of gaps (inserts or deletes) since larger runs of gaps are
usually more biologically plausible (as opposed to many small
insertions/deletions peppered throughout a sequence). Using
this approach, the alignment in Table II would yield a higher
score than that in Table I, since the former has two runs of two
contiguous gaps (at positions 3–4 and 6–7), while the latter has
only one contiguous gap (at 5–6), and two individual gaps (at
3 and 8).

The algorithms typically involve some type of dynamic
programming [11]. Since this is time consuming for large
sequences, modern approaches use heuristics to reduce the
time necessary. Two well-known examples are FASTA [12]
and BLAST [13].
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gi|110640213|ref|NC_008253.1|... 16
gi|110640213|ref|NC_008253.1| 611 42 70M *
0 0 TTTCGTCGACCAGGAATTTGCCCAAATAAAACATGT...
222222222222222222222222222222222222... AS:i:0
XN:i:0 XM:i:0 XO:i:0 XG:i:0 NM:i:0 MD:Z:70 YT:Z:UU

gi|110640213|ref|NC_008253.1|... 0
gi|110640213|ref|NC_008253.1| 215 42 70M *
0 0 CCACCCCCATCAGCATTACCACAGGTAACGGTGCGG...
222222222222222222222222222222222222... AS:i:-6
XN:i:0 XM:i:2 XO:i:0 XG:i:0 NM:i:2 MD:Z:5A6C57
YT:Z:UU

gi|110640213|ref|NC_008253.1|... 16
gi|110640213|ref|NC_008253.1| 706 40 70M *
0 0 CCCGTGGCGAGAAAAGGTCGATAGCCATTAGGGCCG...
222222222222222222222222222222222222... AS:i:-12
XN:i:0 XM:i:4 XO:i:0 XG:i:0 NM:i:4 MD:Z:0G14T6C7T39
YT:Z:UU

Figure 1. Three alignment lines from a SAM file. Fields are delimited by
whitespace. These lines are copied from a larger dataset [16].

A. Interpreting the Alignment
When the locations and lengths of the reads are overlaid,

one on top of another at their aligned locations on the ref-
erence, the ones with a great deal of overlap (called pileup)
lead to stronger confidence in the fragment of the genome they
cover.

Interestingly, this can lead one to conclude that while
most of the genome matches, a part of it definitely has been
altered in the experimental sequence. Suppose that one finds
that no matter how a specific read was aligned, a handful of
particular mismatches are manifested consistently. To return
to the example we started with in this section, one might
conclude that those consistent mismatches exhibit a mutation
that contributed to the experimental individual’s risk for the
disease in question.

III. THE SAM FORMAT

The Sequence Alignment Format (SAM) [14] captures
the result of both the dry and wet lab processes described
in Section II. It is designed to be used with a specific
software package, called SAMTools [15]. It uses the alignment
information contained in SAM files to perform various taks
such as visualizing overlapping reads against the reference and
examining pileups in a binned fashion (e.g., how many reads
start at a given position of the reference).

The SAM format is similar to that of a Comma-Separated
Value (CSV) file with implicit component names (an Exten-
sible Markup Language (XML) equivalent with named fields
(components) can easily be conceived).

An optional header section contains general information
relevant to the entirety of reads in the file, e.g., the SAM format
version number, the specifics of the alignment lines at various
locations, and the order in which data will appear.

A. The Alignment Section and Lines
Immediately following the header section (should it exist

at all) are the rows of alignment lines corresponding to each
read. (It should be noted that sometimes the reported sequences
correspond to smaller pieces of reads called read segments).
Predictably, the bulk of the SAM file is taken up by the
alignment section, filled with alignment lines.

• QNAME: gi|110640213|ref|NC 008253.1|. . .
• FLAG: 16
• RNAME: gi|110640213|ref|NC 008253.1|
• POS: 706
• MAPQ: 40
• CIGAR: 70M
• RNEXT: *
• PNEXT: 0
• TLEN 0
• SEQ:CCCGTGGCGAGAAAAGGTCGATAGCCAT. . .
• QUAL: 2222222222222222222222222222. . .
• TAG: AS:i:-12 XN:i:0 XM:i:4 XO:i:0 XG:i:0 NM:i:4

MD:Z:0G14T6C7T39 YT:Z:UU

Figure 2. The third alignment line from Figure 1 decomposed into
component fields. The ellipsis are used here to denote that field’s value

continues on. The TAG field itself has several subfields of tags.

A sample of three alignment lines from an example SAM
file is given in Figure 1. The third alignment alignment line
is decomposed into its component fields in Figure 2. There
are at least eleven distinct fields, delimited by whitespace,
in each alignment line. The twelfth field, TAG, is optional
and slightly different, since there can be multiple tags within
that field or even none at all (multiple tags are also delimited
by whitespace). These are numbered 1 through 12; here and
always in discussing the SAM file format, enumeration starts
at one (i.e., all sequences are 1-indexed).

The SEQ field contains the sequence corresponding to the
read as obtained by the wet lab process.

The QUAL field (holding a quality string) captures the
probability of incorrectness of each base in that sequence
reflecting the error-prone nature of the wet lab processes.
Each base is associated with an ASCII character, which can
be transformed into a probability of correctness by different
functions depending on the scoring method originally used to
encode it. One equation to interpret characters of the QUAL
field is given in (1).

P = 10
QUAL−33
−10 (1)

where QUAL is the decimal value of the ASCII character and
P is the probability of the associated base being incorrect. As
an example, the ASCII value of “2” is 50. When used with
(1), the resulting probability P for its associated base being
wrong is 0.0199 (or about 1-in-50).

The RNAME field gives the reference. It is typically the
value of (or contains the value of) some genetic identifier
(e.g., an NCBI genetic code [17]) with a code representing
which organism the reference comes from. For instance, in
the example SAM line in Figure 2, RNAME is an NCBI
code with value gi|110640213|ref|NC 008253.1|. The portion
“NC 008253.1” is an accession number, giving a value for a
particular sequence record. The number “1” after the period
says that this is the first version of the sequence, which happens
to be the entire genome of Escherichia coli 536.) The “gi” code
given in “gi|110640213” is another version number [18].

The POS field provides the offset (1-indexed) into the
reference sequence where the experimental sequence was best
matched. In Figure 2, POS has the value 706, meaning that
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the read segment on this alignment line starts at offset 706 of
the Escherichia coli 536 genome according to the best match.

The CIGAR field contains a string of the same name,
CIGAR (Compact Idiosyncratic Gapped Alignment Report),
which SAMTools uses as a coded abbreviation for how one
sequence matches to a reference [14]. It contains an ordered
series of numbers and letters, which tells one precisely how
the sequence maps. Numbers correspond to the length of a
subsequence while the letters imply an edit. An example of
such mapping is given in Table III.

Referring back to Table I, its CIGAR string would read:
2M1I1M2D1M1I . It would mean a match obtained in the
following way:

The first two characters match or mismatch, the
next character was missing in the reference and had
to be inserted; the next character is a match or
mismatch; the next two characters had to be deleted
from the reference; this is followed by a match or
mismatch; and the last character is an insertion into
the reference.

In Figure 2, the CIGAR field reads “70M”, meaning the
read aligned to the reference sequence with some combination
of 70 matches and mismatches. Some of the extended CIGAR
codes and their meanings are given in Table IV.

TABLE III. SEQUENCE ALIGNMENT WITH CIGAR

Position 1 2 3 4 5 6
AACTG A A C T G
ACTGG A C T G G

Best match between the two strings “AACTG” and “ACTGG” using
Needleman-Wunsch for global alignment. Insertions and deletions are denoted by an

underscore. The CIGAR string for “ACTGG” would read 1M1D3M1I.

TABLE IV. CIGAR STRING CODES

Op. Letter Code Meaning
M Alignment Match (sequence match or mismatch)
I Insertion to the reference
D Deletion from the reference
N Skipped region from reference

Some (but not all) lettered operation codes and their meanings present in the extended
CIGAR format.

The TAG field can contain many tags (minimum zero),
even user-specified ones. All tags have the format of
NAME:TYPE:VALUE and each can only appear once in any
given alignment line [14]. 44 unique tags are established
in the current SAM format, and each provides additional
information from textual comments to the original alignment
score generated by some aligner. (These tags are essentially
additional pieces of metadata.)

The MAPQ field gives a mapping quality (higher number
implies higher quality) for the alignment which, as we have
stated earlier, is a difficult task. The MAPQ value of the SAM
line given in Figure 2 is 40, denoting a high-quality match.

IV. FORMALIZING SAM-FORMATTED DATA

SAM data is very useful: it says a lot about what occurred
in sequence alignment and also something about sequencing.
It is possible, however, that the software used to generate the

data could change with time. For example, the change could
be in an underlying alignment algorithm or the interpretation
of read quality values. It would be beneficial if one could take
such improved data and compare it with older SAM data. We
argue that a formalization that shows how to represent and
compute information would address this problem.

Such a formalization should have three parts: an ontology
and two kinds of functions; we describe them below.

Such a formalization should live alongside the current
data as supplementary metadata. In this way, all data can
be understood more readily by domain experts while also
revealing the specific functionality of that data (e.g., how to
interpret an alignment sequence’s structure using the CIGAR
field).

A. Ontology
We need an ontology that codifies concepts of the knowl-

edge domain appropriate to the data. The ontology needs
to contain the domain concepts arranged (possibly) in a
generalization/specialization hierarchy; plus mappings among
them; The full ontology necessary to capture all the semantic
concepts of a SAM file would be far too large to present here.
Instead, we furnish the reader with those essential construc-
tions that clarifies the point of formalization: some of those
entities and relationships that are components of the sequence
alignment concept. This subset of semantic concepts are given
in Figure 3.

The ontology in Figure 3 is the minimal amount needed
to describe the concepts involved in sequence alignment. A
parent class for many of the concepts here is Sequence,
which is why many other concepts, such as experimental and
reference sequences are its child classes. Any concept that
has Sequence as a parent in the hierarchy will inherit from
its definitions. For example, anything that is a Sequence will
have a “character seq string” (the actual string representation
of characters in the sequence).

ExperimentalSequence is distinct from ReferenceSequence
(though they are both child classes of Sequence). Experi-
mentalSequences have both quality scores (denoted by the
“quality scores string” attribute) and is composed of at least 1
Read (with the minimum 1 cardinality restriction). Reference-
Sequences, instead, have an OrganismName attribute.

Reads, as we have said, can be split up into ReadSegments,
and these ReadSegments form a chain from one ReadSegment
to the next (the hasNextReadSegment maximum 1 cardinality
restriction reflects this). A Read, then, is composed of at
least one ReadSegment, and ReadSegments are components of
Reads.

SequenceAlignment is the concept related to actually doing
something with these various sequences. It acts as a function
signature for performing sequence alignment in general. It
has two inputs listed, which are an ExperimentalSequence
and ReferenceSequence. The output is minimum 0 AlignedSe-
quences, because it is possible no alignment can be found. This
minimum 0 also means that many AlignedSequences can exist
for some SequenceAlignment. The “FunctionInternal” attribute
is explained in Subsection IV-B, and describes “how” this
SequenceAlignment concept computes its output.

The AlignedSequence is the output of some SequenceAlign-
ment (as clear in the isOutputOf relation). This concept has an
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Sequence (1)

Attribute character seq string (String)
Attribute length (Integer)

ExperimentalSequence (2)

Attribute quality scores string (String)
isA Sequence
isComposedOf minimum 1 Read

ReferenceSequence (3)

Attribute OrganismName (String)
isA Sequence

Read (4)

isA Sequence
isComposedOf minimum 1 ReadSegment
isComponentOf minimum 1 ExperimentalSequence

ReadSegment (5)

isA Sequence
isComponentOf Read
hasNextReadSegment maximum 1 ReadSegment

Sequence Alignment (6)

Attribute FunctionInternal (XML Literal)
hasOutput minimum 0 AlignedSequence
hasInput some ExperimentalSequence
hasInput some ReferenceSequence

AlignedSequence (7)

Attribute ReferenceOffset (Integer)
isA Sequence
mapsTo exactly 1 ReferenceSequence
isOutputOf some SequenceAlignment

Figure 3. A subset of the full formalization of the SAM format to which
actual data will be mapped either directly or through complex

transformation.

attribute for stating the offset in which the alignment occurs
against exactly 1 ReferenceSequence (the reference used in
sequence alignment).

B. Choice of Ontology
The snippet of the ontology in Figure 3 is based on the

“EMBRACE Data And Methods” (EDAM) ontology [19].
EDAM was based on several different resources, including
myGRID [20], and follows many principles of the Open Biolog-
ical and Biomedicial Ontologies. EDAM attempts to represent
formats used in bioinformatics, their data, the operations those
data might be involved in, and associated topics. The EDAM
ontology is impressive in its coverage and design. There is, to
our knowledge, no more comprehensive ontology than EDAM
that exists with concepts tying both bioinformatics formats to
their data and use in associated operations.

We, however, do not find EDAM capable of fulfilling all
the needs of our goal here, since we require more complete

coverage of individual formats with more format-specific con-
straints. When trying to fit more specifics of SAM data with
what is presented in EDAM, we found some concepts to be
missing. This is most likely because EDAM was designed to
represent workflows, which is at a higher level of granularity
than the specifics of a data format’s contents. These missing
concepts include a quality sequence for SAM’s QUAL field
and a concept appropriate for mismatching character sequences
such as CIGAR strings. Further, we wanted to be able to
pair individual portions of an alignment line with one another,
which required more specifics relating to the SAM file.

To be clear, in some ontologies, such functions may be rep-
resented as a concept, but it is in name and relationships only;
they are function signatures, but do not contain function inter-
nals. The myGrid ontology, for example, contains the concept
of the Needleman-Wunsch sequence alignment algorithm. The
EDAMS ontology has the more abstract SequenceAlignment
concept. While these concepts may contain relationships such
as output, input, etc., they lack a conceptualized view of the
algorithm — or process — they are meant to define. In other
words, there is no implementation-agnostic function internals
to pair with real-world instances.

In Figure 3, we show our plans for adding such functional
internals to ontological definitions. This “FunctionInternal”
attribute (found in the SequenceAlignment concept) of type
XML literal can be represented with MathML [21]. It is
with this language that the implementation-agnostic function
internals can be described.

C. Functions and Extensibility

Consider Figure 4, a commutative diagram [22] connecting
the worlds of data and ontology via functions. Functions of
the first kind are like the dashed arrows in that figure. They
take one or more data elements and bridge them to a concept
in the ontology [23]. Our second kind of functions are like
F (x) and F ′(x). They represent some idealized computation
of some domain concepts from others, reflecting data elements
that are computed from other data elements in an equivalent
manner.

For example, let Data map to a pair of read and reference,
Ontology Term 1 to a pair of sequences, Results to an alignment
with an offset, and Ontology Term 2 to an aligned sequence.
Let F (x) be the Needlemann-Wunsch algorithm and F ′(x) be
a particular implementation of that algorithm. It is easy to see
the power of this framework; for example, it would provide
the ability to use more complex alignment algorithms that take
into account the probabilistic nature of the sequences under
consideration.

One synergistic consequence is extensibility. One can take
existing data and compare against the results of newer align-
ment algorithms (e.g., BLAST and FASTA, or algorithms
being researched).

V. INVESTIGATION OF REPRODUCIBILITY OF RESULTS

We asked the question: can the final result of the dry lab
process, the MAPQ value, be reproduced by a consumer of a
SAM data file?
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Figure 4. Commutative diagram for data and ontology

A. Computing Alignment Score

As mentioned earlier, the SAM file includes a MAPQ field
which contains a number indicating what confidence one may
have in the alignment inferred by the dry lab process. The
value is given by (2), where P is the probability of error of
the stated alignment of read z at offset u in genome x:

MAPQ = −10 log10(P ) (2)

P is given by

P = 1− p(z|x, u)∑
v p(z|x, v)

(3)

where p(z|x, u) is the probability that read z maps to reference
x at offset u [24]; in the denominator, the summation is over
all such offsets.

The best match gives the offset u that results in the smallest
P as per (3). This is the location offset with respect to
the reference where the best alignment match can be found.
Equation (3) implies an exhaustive computation (albeit there
are positions that can be skipped over).

However, there are more modern, less time-consuming
alignment methods based on heuristics. For example, the
following approximation is faster [24].

MAPQ = min[q2 − q1 − 4.343 log(n2),
4 + (3 − k′)(q̄ − 14)− 4.343 log(p1) (3− k′, 28)]

(4)

where q2 is the sum of the quality scores corresponding to the
bases that have mismatches for the best alignment score and
q1 the corresponding sum for the second-best alignment. k′

is the minimum number of mismatches on some 28 base-pair
seed (which are locations to index against the reference with
the read; larger seeds result in lower sensitivity [25]) and q is
the average of base qualities in that seed [24].

Clearly then, the MAPQ computed depends on the equation
used; more generally, if context-sensitive cases are considered,
on the algorithm used. This means that different programs
used in alignment of the same experimental sequence against
the same reference may result in different values of MAPQ.
Without knowledge of the equation or algorithm used, one
cannot reproduce the MAPQ element presented in the SAM
file. Worse, comparing MAPQ values of multiple SAM files
may well be invalid. (Adding a pointer to a program used for
alignment is possible, but such additions would be in optional
fields with no guarantee of inclusion in all published data files.)

For reproducibility, we suggest that the function (or algo-
rithm) used in the dry lab process for MAPQ be included in
the SAM data file.

This will allow users not only to verify the correctness of
the MAPQ reported in the file but also use their own align-
ment algorithm to compare and publish the results obtained.
This could lead to publications providing insight into various
aspects of experiments such as innovative approximations and
the effect of errors in the underlying wet lab process.

VI. CONCLUSION AND FUTURE WORK

Examining a popular file format in bioinformatics, we
asked two questions relating reproducibility and extensibility
of data. What we found was that neither reproducibility nor
alternative conclusion testing was possible. We identified the
cause as the absence of functions for arriving at these conclu-
sions.

Such functions are essential extensions to whatever current
metadata may be included with the data, since these functions
expose the details of how the data was created in the first
place. When such functions exist, one can start to meaningfully
compare different data sets that did not employ the same
function and also to compare the computed results (e.g.,
MAPQ) in a data set with the corresponding results that one
would obtain using an alternative function or algorithm.

We have also explored the choice of what metadata to add
and how to add it. We have shown that this choice need not
be guided by a particular pre-defined purpose, but from the
contents of the data itself. When data is formalized, ambiguity
and confusion about how different parts of data relate to one
another are decreased. Necessary metadata becomes apparent
as the portions of data are formalized and their component
parts are established.

This has culminated in the idea of the formalization of
data as a marriage between an ontology and a set of functions
that describe both data and its underlying processes. Such a
formalization creates an accessible point from which data can
be understood, reproduced, and have its functionality extended.

While we have explored an example from bioinformatics
and presented a subset of the constructions required for a
formalization, we have tried to show that the generality of
the approach goes beyond bioinformatics and embraces any
data file containing computed elements. Such data files are
pervasive; consider for example, a medical report such as a
blood test that contains diagnostic elements that are based on
complex analysis.

Of course, our work is part of a larger solution. For
example, the decision of how best to represent such additional
metadata is left as further research.
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