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ANALYSIS OF A POLYMER COMPRISING 
POLYMER UNITS 

0001. The present invention relates generally to the field of 
analysing a polymer comprising polymer units, for example 
but without limitation a polynucleotide, by making measure 
ments related to the polymer. The first aspect of the present 
invention relates specifically to the estimation of a sequence 
of polymer units in the polymer. The second and third aspects 
of the present invention relate to the measurement of ion 
current flowing through a nanopore during translocation of a 
polymer for analysis of the polymer. 
0002 There are many types of measurement system that 
provide measurements of a polymer for the purpose of anal 
ysing the polymer and/or determining the sequence of poly 
mer units. 
0003 For example but without limitation, one type of 
measurement system utilises a nanopore through which the 
polymer is translocated. Some property of the system 
depends on the polymer units in the nanopore, and measure 
ments of that property are taken. For example, a measurement 
system may be created by placing a nanopore in an insulating 
membrane and measuring Voltage-driven ionic transport 
through the nanopore in the presence of analyte molecules. 
Depending on the nature of the nanopore, the identity of an 
analyte may be revealed through its distinctive ion current 
signature, notably the duration and extent of current block 
and the variance of current levels. Such types of measurement 
system using a nanopore has considerable promise, particu 
larly in the field of sequencing a polynucleotide such as DNA 
or RNA, and has been the subject of much recent develop 
ment. 

0004. There is currently a need for rapid and cheap nucleic 
acid (e.g. DNA or RNA) sequencing technologies across a 
wide range of applications. Existing technologies are slow 
and expensive mainly because they rely on amplification 
techniques to produce large Volumes of nucleic acid and 
require a high quantity of specialist fluorescent chemicals for 
signal detection. Nanopore sensing has the potential to pro 
vide rapid and cheap nucleic acid sequencing by reducing the 
quantity of nucleotide and reagents required. 
0005. The present invention relates to a situation where the 
value of each measurement is dependent on a group of k 
polymer units where k is a positive integer (i.e. a k-mer). 
0006 Furthermore, it is typical of many types of measure 
ment system, including the majority of currently known bio 
logical nanopores, for the value of each measurement to be 
dependent on a k-mer where k is a plural integer. This is 
because more than one polymer unit contributes to the 
observed signal and might be thought of conceptually as the 
measurement system having a “blunt reader head' that is 
bigger than the polymer unit being measured. In such a situ 
ation, the number of different k-mers to be resolved increases 
to the power of k. For example, if there are n possible polymer 
units, the number of different k-mers to be resolved is n'. 
While it is desirable to have clear separation between mea 
Surements for different k-mers, it is common for Some of 
these measurements to overlap. Especially with high numbers 
of polymer units in the k-mer, i.e. high values of k, it can 
become difficult to resolve the measurements produced by 
different k-mers, to the detriment of deriving information 
about the polymer, for example an estimate of the underlying 
sequence of polymer units. 
0007 Accordingly, much of the development work has 
been directed towards the design of a measurement system 
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that improves the resolution of measurements. This is difficult 
in practical measurement systems, due to variation in mea 
Surements that can arise to varying extents from inherent 
variation in the underlying physical or biological system and/ 
or measurement noise that is inevitable due the Small magni 
tude of the properties being measured. 
0008 Much research has aimed at design of a measure 
ment system that provides resolvable measurements that are 
dependent on a single polymer unit. However, this has proved 
difficult in practice. 
0009. Other work has accepted measurements that are 
dependent on k-mers where k is a plural integer, but has aimed 
at design of a measurement system in which the measure 
ments from different k-mers are resolvable from each other. 
However practical limitations mean again that this is very 
difficult. Distributions of signals produced by some different 
k-mers can often overlap. 
0010. In principle, it might be possible to combine infor 
mation from k measurements, where k is a plural integer, that 
each depend in part on the same polymer unit to obtain a 
single value that is resolved at the level of a polymer unit. 
However, this is difficult in practice. Firstly, this relies on the 
possibility of identifying a suitable transform to transform a 
set of k measurements. However, for many measurements 
systems, due to the complexity of the interactions in the 
underlying physical or biological system, Such a transform 
either does not exist or is impractical to identify. Secondly, 
even if Such a transform might exist in principle for a given 
measurement system, the variation in measurements makes 
the transform difficult to identify and/or the transform might 
still provide values that cannot be resolved from each other. 
Thirdly, with such techniques it is difficult or impossible to 
take account of missed measurements, that is where a mea 
Surement that is dependent on a given k-mer is missing in the 
sequence of polymer units, as can sometimes be the case in a 
practical measurement system, for example due to the mea 
Surement system failing to take the measurement or due to an 
error in the Subsequent data processing. 
0011. The first aspect of the present invention is concerned 
with the provision of techniques that improve the accuracy of 
estimating a sequence of polymer units in a polymer from 
Such measurements that are dependent on a k-mer. 
0012. According to the first aspect of the present inven 
tion, there is provided a method of estimating a sequence of 
polymer units in a polymer from at least one series of mea 
surements related to the polymer, wherein the value of each 
measurement is dependent on a k-mer, a k-mer being a group 
ofk polymer units where k is a positive integer, the method 
comprising: 
0013 providing a model comprising, for a set of possible 
k-mers: 

0014 transition weightings representing the chances of 
transitions from origink-mers to destination k-mers; and 

0.015 emission weightings in respect of each k-mer that 
represent the chances of observing given values of mea 
Surements for that k-mer, and 

0016 analysing the series of measurements using an ana 
lytical technique that refers to the model and estimating at 
least one estimated sequence of polymer units in the polymer 
based on the likelihood predicted by the model of the series of 
measurements being produced by sequences of polymer 
units. 
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0017. Further according to first aspect of the present 
invention, there is provided an analysis apparatus that imple 
ments a similar method. 
0018. Therefore, the first aspect of the present invention 
makes use of a model of the measurement system that pro 
duces the measurements. Given any series of measurements, 
the model represents the chances of different sequences of 
k-mers having produced those measurements. The first aspect 
of the present invention is particularly suitable for situations 
in which the value of each measurement is dependent on a 
k-mer, where k is a plural integer. 
0019. The model considers the possible k-mers. For 
example, in a polymer where each polymer unit may be one of 
4 polymer units (or more generally n polymer units) there are 
4 possible k-mers (or more generally n' possible k-mers), 
unless any specific k-mer does not exist physically. For all 
k-mers that may exist, the emissions weightings take account 
of the chance of observing given values of measurements. 
The emission weightings in respect of each k-mer represent 
the chances of observing given values of measurements for 
that k-mer. 
0020. The transition weightings represent the chances of 
transitions from origin k-mers to destination k-mers, and 
therefore take account of the chance of the k-meron which the 
measurements depend transitioning between different 
k-mers. The transition weightings may therefore take account 
of transitions that are more and less likely. By way of 
example, where k is a plural integer, for a given origin k-mer 
this may represent that a greater chance of a preferred transi 
tions, being transitions to destination k-mers that have a 
sequence in which the first (k-1) polymer units are the final 
(k-1) polymer unit of the origin k-mer, than non-preferred 
transitions, being transitions to destination k-mers that have a 
sequence different from the origink-mer and in which the first 
(k-1) polymer units are not the final (k-1) polymer units of the 
origin k-mer. For example, for 3-mers where the polymer 
units are naturally occurring DNA bases, state CGT has pre 
ferred transitions to GTC, GTG, GTT and GTA. By way of 
example without limitation, the model may be a Hidden 
Markov Model in which the transition weightings and emis 
sion weightings are probabilities. 
0021. This allows the series of measurements to be analy 
sed using an analytical technique that refers to the model. At 
least one estimated sequence of polymer units in the polymer 
is estimated based on the likelihood predicted by the model of 
the series of measurements being produced by sequences of 
polymer units. For example but without limitation, the ana 
lytical technique may be a probabilistic technique. 
0022. In particular, the measurements from individual 
k-mers are not required to be resolvable from each other, and 
it is not required that there is a transform from groups of k 
measurements that are dependent on the same polymer unit to 
a value in respect of that transform, i.e. the set of observed 
states is not required to be a function of a smaller number of 
parameters (although this is not excluded). Instead, the use of 
the model provides accurate estimation by taking plural mea 
Surements into account in the consideration of the likelihood 
predicted by the model of the series of measurements being 
produced by sequences of polymer units. Conceptually, the 
transition weightings may be viewed as allowing the model to 
take account, in the estimation of any given polymer unit, of 
at least the k measurements that are dependent in part on that 
polymer unit, and indeed also on measurements from greater 
distances in the sequence. The model may effectively take 

Jun. 9, 2016 

into account large numbers of measurements in the estima 
tion of any given polymer unit, giving a result that may be 
more accurate. 

0023. Similarly, the use of such a model may allow the 
analytical technique to take account of missing measure 
ments from a given k-mer and/or to take account of outliers in 
the measurement produced by a given k-mer. This may be 
accounted for in the transition weightings and/or emission 
weightings. For example, the transition weightings may rep 
resent non-zero chances of at least Some of the non-preferred 
transitions and/or the emission weightings may represent 
non-Zero chances of observing all possible measurements. 
0024. The second and third aspects of the present inven 
tion are concerned with the provision oftechniques that assist 
the analysis of polymers using measurements of ion current 
flowing through a nanopore while the polymer is translocated 
through the nanopore. 
0025. According to the second aspect of the present inven 
tion, there is provided a method of analysing a polymer com 
prising polymer units, the method comprising: 
0026 during translocation of a polymer through a nanop 
ore while a Voltage is applied across the nanopore, making 
measurements that are dependent on the identity of k-mers in 
the nanopore, a k-mer being k polymer units of the polymer, 
where k is a positive integer, wherein the measurements com 
prise, in respect of individual k-mers, separate measurements 
made at different levels of said voltage applied across the 
nanopore; and 
0027 analysing the measurements at said different levels 
of said voltage to determine the identity of at least part of the 
polymer. 
0028. The method involves making measurements that are 
dependent on the identity of k-mers in the nanopore, a k-mer 
being k polymer units of the polymer, where k is a positive 
integer. In particular, the measurements comprise, in respect 
of individual k-mers, separate measurements made at differ 
ent levels of said Voltage applied across the nanopore. The 
present inventors have appreciated and demonstrated that 
Such measurements at different levels of said Voltage applied 
across the nanopore provide additional information, rather 
than being merely duplicative. For example, the measure 
ments at different voltages allow resolution of different states. 
For example, some k-mers that cannot be resolved at a given 
Voltage can be resolved at another Voltage. 
0029. The third aspect of the present invention provides a 
method of making measurements made under the application 
of different levels of Voltage across the nanopore, that may 
optionally be applied in the second aspect of the invention. In 
particular, according to the third aspect of the present inven 
tion, there is provided a method of making measurements of 
a polymer comprising polymer units, the method comprising: 
0030 performing a translocation of said polymer through 
a nanopore while a Voltage is applied across the nanopore; 
0031 during said translocation of the polymer through the 
nanopore, applying different levels of said Voltage in a cycle, 
and 
0032) making measurements that are dependent on the 
identity of k-mers in the nanopore, a k-mer being k polymer 
units of the polymer, where k is a positive integer, the mea 
Surements comprising separate measurements in respect of 
individual k-mers at said different levels of said voltage in 
said cycle, the cycle having a cycle period shorter than states 
in which said measurements are dependent on said individual 
k-mers. 
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0033. Thus the third aspect of the present invention pro 
vides the same advantages as the second aspect of the present 
invention, in particular that the measurements provide addi 
tional information, rather than being merely duplicative. The 
measurements at different voltages allow resolution of differ 
ent states in a Subsequent analysis of the measurements. For 
example, some states that cannot be resolved at a given Volt 
age can be resolved at another Voltage. 
0034. This is based on an innovation in which measure 
ments at different Voltages are acquired during a single trans 
location of a polymer through a nanopore. This is achieved by 
changing the level of said Voltage in a cycle, selected so that 
the cycle period is shorter than the duration of states that are 
measured. 

0035 However, it is not essential to use this method within 
the second aspect of the invention. As an alternative, the ion 
current measurements at different magnitudes of the Voltage 
may be made during different translocations of the polymer 
through the nanopore which may be translocations in the 
same direction, or may include translocations in opposite 
directions. 

0036. Thus, the methods of the second aspect and third 
aspect of the present invention can provide additional infor 
mation that improves Subsequent analysis of the measure 
ments to derive information about the polymer. Some 
examples of the types of information that may be derived are 
as follows. 

0037. The analysis may be to derive the timings of transi 
tions between states. In this case, the additional information 
provided by the measurements of each state at different 
potentials improves the accuracy. For example, in the case 
that a transition between two states cannot be resolved at one 
Voltage, the transition may be identified by the change in the 
level of the ion current measurement at another voltage. This 
potentially allows identification of a transition that would not 
be apparent working only at one Voltage or a determination 
with a higher degree of confidence that a transition did not in 
fact occur. This identification may be used in Subsequent 
analysis of the measurements. 
0038. In general, carrying out measurements at the differ 
ent Voltage levels provides more information than may be 
obtained at one voltage level. For example in the measure 
ment of ion flow through the nanopore, information that may 
be obtained from the measurements includes the current level 
and the signal variance (noise) for a particular state. For 
example for translocation of DNA through a nanopore, 
k-mers comprising the nucleotide base G tend to give rise to 
states having increased signal variance. It may be difficult to 
determine whether a transition in States has occurred, for 
example due to respective states having similar current levels 
or where one or both of the respective states have high signal 
variance. The current level and signal variance for a particular 
state may differ for different voltage levels and thus measure 
ment at the different voltage levels may enable the determi 
nation of high variance states or increase the level of confi 
dence in determining a state. Consequently, it may be easierto 
determine a transition between States at one Voltage level 
compared to another Voltage level. 
0039. The analysis may be to estimate the identity of the 
polymer or to estimate a sequence of polymer units in the 
polymer. In this case, the additional information provided by 
the measurements of each state at different potentials 
improves the accuracy of the estimation. 
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0040. In the case of estimating a sequence of polymer 
units, the analysis may use a method in accordance with the 
first aspect of the present invention. Accordingly, the features 
of the first aspect of the present invention may be combined 
with the features of the second aspect and/or third aspect of 
the present invention, in any combination. 
0041 Further according to second and third aspects of the 
present invention, there is provided an analysis apparatus that 
implements a similar method. 
0042. To allow better understanding, embodiments of the 
present invention will now be described by way of non 
limitative example with reference to the accompanying draw 
ings, in which: 
0043 FIG. 1 is a schematic diagram of a measurement 
system comprising a nanopore; 
0044 FIG. 2 is a plot of a signal of an event measured over 
time by a measurement system; 
0045 FIG. 3 is a graph of the frequency distributions of 
measurements of two different polynucleotides in a measure 
ment system comprising a nanopore; 
0046 FIGS. 4 and 5 are plots of 643-mer coefficients and 
10245-mer coefficients, respectively, against predicted val 
ues from a first order linear model applied to sets of experi 
mentally derived current measurements; 
0047 FIG. 6 is a flowchart of a method of analyzing an 
input signal comprising measurements of a polymer; 
0048 FIG. 7 is a flowchart of a state detection step of FIG. 
6; 
0049 FIG. 8 is a flowchart of an analysis step of FIG. 6; 
0050 FIGS. 9 and 10 are plots, respectively, of an input 
signal Subject to the state detection step and of the resultant 
series of measurements; 
0051 FIG. 11 is a pictorial representation of a transition 
matrix; 
0.052 FIG. 12 is a graph of the expected measurements in 
respect of k-mer states in a simulated example; 
0053 FIG. 13 shows an input signal simulated from the 
expected measurements illustrated in FIG. 12; 
0054 FIG. 14 shows a series of measurements derived 
from the input signal of FIG. 13; 
0055 FIGS. 15 and 16 show respective transition matrices 
of transition weightings; 
0056 FIGS. 17 to 19 are graphs of emission weightings 
having possible distributions that are, respectively, Gaussian, 
triangular and Square; 
0057 FIG. 20 is a graph of the current space alignment 
between a set of simulated measurements and the expected 
measurements shown in FIG. 12; 
0.058 FIG. 21 is a graph of the k-mer space alignment 
between the actual k-mers and the k-mers, estimated from the 
simulated measurements of FIG. 20; 
0059 FIG. 22 is a graph of the current space alignment 
between a further set of simulated measurements and the 
expected measurements shown in FIG. 12; 
0060 FIGS. 23 and 24 are graphs of the k-mer space 
alignment between the actual k-mers and the k-mers esti 
mated from the simulated measurements of FIG. 22 with the 
transition matrices of FIGS. 15 and 16, respectively; 
0061 FIG. 25 is a graph of emission weightings having a 
square distribution with a small non-Zero background with 
distributions centred on the expected measurements of FIG. 
12: 
0062 FIG. 26 is a graph of the k-mer space alignment 
between the actual k-mers and the k-mers estimated from the 
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simulated measurements of FIG.20 with the transition matrix 
of FIG. 15 and the emission weightings of FIG. 25: 
0063 FIG. 27 is a graph of emission weightings having a 
square distribution with a Zero background with distributions 
centred on the expected measurements of FIG. 12; 
0064 FIG. 28 is a graph of the k-mer space alignment 
between the actual k-mers and the k-mers estimated from the 
simulated measurements of FIG.20 with the transition matrix 
of FIG. 15 and the emission weightings of FIG. 27: 
0065 FIG. 29 is a scatter plot of current measurements 
obtained from DNA strands held in a MS-(B2)8 nanopore 
using streptavidin; 
0066 FIG.30 is a transition matrix for an example training 
process; 
0067 FIG. 31 is an enlarged portion of the transition 
matrix of FIG. 30: 
0068 FIGS. 32 and 33 are graphs of emission weightings 

for, respectively, a model of 64 k-mers derived from a static 
training process and a translation of that model into a model 
of approximately 400 states: 
0069 FIG. 34 is a flow chart of a training process; 
0070 FIG. 35 is a graph of emission weightings deter 
mined by the training process of FIG. 34: 
0071 FIG. 36 is a graph of current measurements aggre 
gated over several experiments with the expected measure 
ments from a model; 
0072 FIG. 37 is a graph of the k-mer space alignment 
between the actual k-mers and the estimated k-mers; 
0073 FIG.38 shows an estimated sequence of estimated 
k-mers aligned with the actual sequence; 
0074 FIG. 39 shows separate estimated sequences of 
sense and antisense regions of a polymer together with an 
estimated sequence derived by treating measurements from 
the sense and antisense regions as arranged in two respective 
dimensions; 
0075 FIG. 40 is a set of histograms of ion current mea 
surements for a set of DNA strands in a nanopore at three 
different Voltages in a first example: 
0076 FIG. 41 is a pair of graphs of applied potential and 
resultant ion current over a common time period for a single 
Strand in a nanopore in a second example: 
0077 FIGS. 42 to 45 are scatter plots of the measured 
current for each of the DNA strands indexed horizontally at 
four levels of Voltage, respectively, in the second example; 
0078 FIG. 46 is a plot of the measured current each DNA 
Strand against the applied Voltage in the second example; 
0079 FIG. 47 is a plot of the standard deviation of the 
current measurements for each DNA strand in the second 
example against the applied Voltage; 
0080 FIG. 48 is a flow chart of a method of making ion 
current measurements; 
0081 FIGS. 49 and 50 are each a pair of graphs of applied 
potential and resultantion current over a common time period 
in a third example: 
0082 FIG. 51 is a is a flow chart of an alternative method 
of making ion current measurements; and 
I0083 FIGS. 52a and 52b are plots over the same time scale 
of shaped Voltage steps applied across a nanopore and the 
resultant current. All the aspects of the present invention may 
be applied to a range of polymers as follows. 
0084. The polymer may be a polynucleotide (or nucleic 
acid), a polypeptide Such as a protein, a polysaccharide, or 
any other polymer. The polymer may be natural or synthetic. 
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I0085. In the case of a polynucleotide or nucleic acid, the 
polymer units may be nucleotides. The nucleic acid is typi 
cally deoxyribonucleic acid (DNA), ribonucleic acid (RNA), 
cDNA or a synthetic nucleic acid known in the art, such as 
peptide nucleic acid (PNA), glycerol nucleic acid (GNA), 
threose nucleic acid (TNA), locked nucleic acid (LNA) or 
other synthetic polymers with nucleotide side chains. The 
nucleic acid may be single-stranded, be double-stranded or 
comprise both single-stranded and double-stranded regions. 
Typically cDNA, RNA, GNA, TNA or LNA are single 
stranded. The methods of the invention may be used to iden 
tify any nucleotide. The nucleotide can be naturally occurring 
or artificial. A nucleotide typically contains a nucleobase, a 
Sugar and at least one phosphate group. The nucleobase is 
typically heterocyclic. Suitable nucleobases include purines 
and pyrimidines and more specifically adenine, guanine, 
thymine, uracil and cytosine. The Sugar is typically a pentose 
Sugar. Suitable Sugars include, but are not limited to, ribose 
and deoxyribose. The nucleotide is typically a ribonucleotide 
or deoxyribonucleotide. The nucleotide typically contains a 
monophosphate, diphosphate or triphosphate. 
I0086. The nucleotide can be a damaged or epigenetic base. 
The nucleotide can be labelled or modified to act as a marker 
with a distinct signal. This technique can be used to identify 
the absence of a base, for example, anabasic unit or spacer in 
the polynucleotide. The method could also be applied to any 
type of polymer. 
I0087. Of particular use when considering measurements 
of modified or damaged DNA (or similar systems) are the 
methods where complementary data are considered. The 
additional information provided allows distinction between a 
larger number of underlying states. 
I0088. In the case of a polypeptide, the polymer units may 
be amino acids that are naturally occurring or synthetic. 
I0089. In the case of a polysaccharide, the polymer units 
may be monosaccharides. 
0090 The present invention may be applied to measure 
ments taken by a range of measurement systems, as discussed 
further below. 
0091. In accordance with all aspects of the present inven 
tion, the measurement system may be a nanopore system that 
comprises a nanopore. In this case, the measurements may be 
taken during translocation of the polymer through the nanop 
ore. The translocation of the polymer through the nanopore 
generates a characteristic signal in the measured property that 
may be observed, and may be referred to overall as an “event'. 
0092. The nanopore is a pore, typically having a size of the 
order of nanometres, that allows the passage of polymers 
therethrough. A property that depends on the polymer units 
translocating through the pore may be measured. The prop 
erty may be associated with an interaction between the poly 
mer and the pore. Interaction of the polymer may occur at a 
constricted region of the pore. The measurement system mea 
Sures the property, producing a measurement that is depen 
dent on the polymer units of the polymer. 
0093. The nanopore may be a biological pore or a solid 
state pore. 
0094. Where the nanopore is a biological pore, it may have 
the following properties. 
0.095 The biological pore may be a transmembrane pro 
tein pore. Transmembrane protein pores for use in accordance 
with the invention can be derived from B-barrel pores or 
C.-helix bundle pores. B-barrel pores comprise a barrel or 
channel that is formed from B-strands. Suitable B-barrel pores 
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include, but are not limited to, B-toxins, such as C.-hemolysin, 
anthrax toxin and leukocidins, and outer membrane proteins/ 
porins of bacteria, Such as Mycobacterium Smegmatis porn 
(Msp), for example Msp.A., outer membrane porn F (OmpF), 
outer membrane porn G (OmpG), outer membrane phospho 
lipase A and Neisseria autotransporter lipoprotein (Na1P). 
C.-helix bundle pores comprise a barrel or channel that is 
formed from C-helices. Suitable O.-helix bundle pores 
include, but are not limited to, inner membrane proteins and C. 
outer membrane proteins, such as WZA and ClyA toxin. The 
transmembrane pore may be derived from Msp or from 
C.-hemolysin (C-HL). 
0096. The transmembrane protein pore is typically 
derived from Msp, preferably from MspA. Such a pore will be 
oligomeric and typically comprises 7, 8, 9 or 10 monomers 
derived from Msp. The pore may be a homo-oligomeric pore 
derived from Msp comprising identical monomers. Alterna 
tively, the pore may be a hetero-oligomeric pore derived from 
Msp comprising at least one monomer that differs from the 
others. The pore may also comprise one or more constructs 
that comprise two or more covalently attached monomers 
derived from Msp. Suitable pores are disclosed in U.S. Pro 
visional Application No. 61/441,718 (filed 11 Feb. 2011). 
Preferably the pore is derived from MspA or a homolog or 
paralog thereof. 
0097. The biological pore may be a naturally occurring 
pore or may be a mutant pore. Typical pores are described in 
WO-2010/1091.97, Stoddart D et al., Proc Natl AcadSci, 12: 
106(19):7702-7, Stoddart D et al., Angew Chem Int Ed Engl. 
2010: 49(3):556-9, Stoddart D et al., Nano Lett. 2010 Sep. 8: 
10(9):3633-7, Butler T Z. et al., Proc Natl Acad Sci 2008: 
105(52):20647-52, and U.S. Provisional Application 61/441, 
718. 
0098. The biological pore may be MS-(B1)8. The nucle 
otide sequence encoding B1 and the amino acid sequence of 
B1 are shown below (Seq ID: 1 and Seq ID: 2). 

Seq ID 1 : MS - (B1) 8 = MS- (D9 ON/D91N/D93N/D118R/ 
D134R/E139K) 8 
ATGGGTCTGGATAATGAACTGAGCCTGGTGGACGGTCAAGATCGTACCC 

TGACGGTGCAACAATGGGATACCTTTCTGAATGGCGTTTTTCCGCTGGA 

TCGTAATCGCCTGACCCGTGAATGGTTTCATTCCGGTCGCGCAAAATAT 

ATCGTCGCAGGCCCGGGTGCTGACGAATTCGAAGGCACGCTGGAACTGG 

GTTATCAGATTGGCTTTCCGTGGTCACTGGGCGTTGGTATCAACTTCTC 

GTACACCACGCCGAATATTCTGATCAACAATGGTAACATTACCGCACCG 

CCGTTTGGCCTGAACAGCGTGATTACGCCGAACCTGTTTCCGGGTGTTA 

GCATCTCTGCCCGTCTGGGCAATGGTCCGGGCATTCAAGAAGTGGCAAC 

CTTTAGTGTGCGCGTTTCCGGCGCTAAAGGCGGTGTCGCGGTGTCTAAC 

GCCCACGGTACCGTTACGGGCGCGGCCGGCGGTGTCCTGCTGCGTCCGT 

TCGCGCGCCTGATTGCCTCTACCGGCGACAGCGTTACGACCTATGGCGA 

ACCGTGGAATATGAACTAA 

Seq ID 2: MS - (B1) 8 = MS- (D9 ON/D91N/D93N/D118R/ 
D134R/E139K) 8 
GLDNELSLVDGODRTLTWOOWDTFLNGVFPLDRNRLTREWFHSGRAKYI 

VAGPGADEFEGTLELGYOIGFPWSLGVGINFSYTTPNILINNGNITAPP 
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- Continued 
FGLNSVITPNLFPGVSISARLGNGPGIQEVATFSVRVSGAKGGVAVSNA 

HGTWTGAAGGWLLRPFARLIASTGDSWTTYGEPWNMN 

(0099. The biological pore is more preferably MS-(B2)8. 
The amino acid sequence of B2 is identical to that of B1 
except for the mutation L88N. The nucleotide sequence 
encoding B2 and the amino acid sequence of B2 are shown 
below (Seq ID: 3 and Seq ID: 4). 

Seq ID 3: MS- (B2) 8 = MS- (L88N/D9 ON/D91N/D93N/ 
D118R/D134R/E139K) 8 
ATGGGTCTGGATAATGAACTGAGCCTGGTGGACGGTCAAGATCGTACCC 

TGACGGTGCAACAATGGGATACCTTTCTGAATGGCGTTTTTCCGCTGGA 

TCGTAATCGCCTGACCCGTGAATGGTTTCATTCCGGTCGCGCAAAATAT 

ATCGTCGCAGGCCCGGGTGCTGACGAATTCGAAGGCACGCTGGAACTGG 

GTTATCAGATTGGCTTTCCGTGGTCACTGGGCGTTGGTATCAACTTCTC 

GTACACCACGCCGAATATTAACATCAACAATGGTAACATTACCGCACCG 

CCGTTTGGCCTGAACAGCGTGATTACGCCGAACCTGTTTCCGGGTGTTA 

GCATCTCTGCCCGTCTGGGCAATGGTCCGGGCATTCAAGAAGTGGCAAC 

CTTTAGTGTGCGCGTTTCCGGCGCTAAAGGCGGTGTCGCGGTGTCTAAC 

GCCCACGGTACCGTTACGGGCGCGGCCGGCGGTGTCCTGCTGCGTCCGT 

TCGCGCGCCTGATTGCCTCTACCGGCGACAGCGTTACGACCTATGGCGA 

ACCGTGGAATATGAACTAA 

WAGPGADEFEGTLELGYOIGFPWSLGVGINFSYTTPNININNGNITAPP 

FGLNSWITPNLFPGVSISARLGNGPGIOEVATFSWRVSGAKGGVAVSNA 

HGTWTGAAGGWLLRPFARLIASTGDSWTTYGEPWNMN 

0100. The biological pore may be inserted into an 
amphiphilic layer Such as a biological membrane, for 
example a lipid bilayer. An amphiphilic layer is a layer 
formed from amphiphilic molecules, such as phospholipids, 
which have both hydrophilic and lipophilic properties. The 
amphiphilic layer may be a monolayer or a bilayer. The 
amphiphilic layer may be a co-block polymer Such as dis 
closed by (Gonzalez-Perez et al., Langmuir, 2009, 25, 10447 
10450). Alternatively, a biological pore may be inserted into 
a solid state layer. 
0101 Alternatively, a nanopore may be a solid state pore 
comprising an aperture formed in a solid state layer. 
0102) A solid-state layer is not of biological origin. In 
other words, a solid state layer is not derived from or isolated 
from a biological environment Such as an organism or cell, or 
a synthetically manufactured version of a biologically avail 
able structure. Solid state layers can be formed from both 
organic and inorganic materials including, but not limited to, 
microelectronic materials, insulating materials such as 
Si3N4, Al2O3, and SiO, organic and inorganic polymers such 
as polyamide, plastics such as Teflon R or elastomers such as 
two-component addition-cure silicone rubber, and glasses. 
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The solid state layer may be formed from graphene. Suitable 
graphene layers are disclosed in WO 2009/035647 and 
WO-2011/046706. 
0103) A solid state pore is typically an aperture in a solid 
state layer. The aperture may be modified, chemically, or 
otherwise, to enhance its properties as a nanopore. A Solid 
state pore may be used in combination with additional com 
ponents which provide an alternative or additional measure 
ment of the polymer Such as tunnelling electrodes (Ivanov A 
Pet al., Nano Lett. 2011 Jan. 12; 11(1):279-85), or a field 
effect transistor (FET) device (International Application WO 
2005/124888). Solid state pores may be formed by known 
processes including for example those described in WO 
OOf792.57. 

0104. In one type of measurement system, there may be 
used measurements of the ion current flowing through a nan 
opore. These and other electrical measurements may be made 
using standard single channel recording equipment as 
describe in Stoddart D et al., Proc Natl AcadSci, 12:106(19): 
7702-7, Lieberman K Retal, JAm ChemSoc. 2010; 132(50): 
17961-72, and International Application WO-2000/283.12. 
Alternatively, electrical measurements may be made using a 
multi-channel system, for example as described in Interna 
tional Application WO-2009/077734 and International 
Application WO-2011/067559. 
0105. In order to allow measurements to be taken as the 
polymer translocates through a nanopore, the rate of translo 
cation can be controlled by a polymer binding moiety. Typi 
cally the moiety can move the polymer through the nanopore 
with or against an applied field. The moiety can be a molecu 
lar motor using for example, in the case where the moiety is an 
enzyme, enzymatic activity, or as a molecular brake. Where 
the polymer is a polynucleotide there are a number of meth 
ods proposed for controlling the rate of translocation includ 
ing use of polynucleotide binding enzymes. Suitable 
enzymes for controlling the rate of translocation of poly 
nucleotides include, but are not limited to, polymerases, heli 
cases, exonucleases, single stranded and double stranded 
binding proteins, and topoisomerases, such as gyrases. For 
other polymer types, moieties that interact with that polymer 
type can be used. The polymer interacting moiety may be any 
disclosed in International Application No. PCT/GB10/ 
000133 or U.S. 61/441,718, (Lieberman K R et al., J. Am 
ChemSoc. 2010; 132(50): 17961-72), and for voltage gated 
schemes (Luan B et al., Phys Rev Lett. 2010; 
104(23):238103). 
0106 The polymer binding moiety can be used in a num 
ber of ways to control the polymer motion. The moiety can 
move the polymer through the nanopore with or against the 
applied field. The moiety can be used as a molecular motor 
using for example, in the case where the moiety is an enzyme, 
enzymatic activity, or as a molecular brake. The translocation 
of the polymer may be controlled by a molecular ratchet that 
controls the movement of the polymer through the pore. The 
molecular ratchet may be a polymer binding protein. For 
polynucleotides, the polynucleotide binding protein is pref 
erably a polynucleotide handling enzyme. A polynucleotide 
handling enzyme is a polypeptide that is capable of interact 
ing with and modifying at least one property of a polynucle 
otide. The enzyme may modify the polynucleotide by cleav 
ing it to form individual nucleotides or shorter chains of 
nucleotides, such as di- or trinucleotides. The enzyme may 
modify the polynucleotide by orienting it or moving it to a 
specific position. The polynucleotide handling enzyme does 
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not need to display enzymatic activity as long as it is capable 
of binding the target polynucleotide and controlling its move 
ment through the pore. For instance, the enzyme may be 
modified to remove its enzymatic activity or may be used 
under conditions which prevent it from acting as an enzyme. 
Such conditions are discussed in more detail below. 
0107 The polynucleotide handling enzyme may be 
derived from a nucleolytic enzyme. The polynucleotide han 
dling enzyme used in the construct of the enzyme is more 
preferably derived from a member of any of the Enzyme 
Classification (EC) groups 3.1.11, 3.1.13, 3.1.14, 3.1.15, 3.1. 
16, 3.1.21, 3.1.22, 3.1.25, 3.1.26, 3.1.27, 3.1.30 and 3.1.31. 
The enzyme may be any of those disclosed in International 
Application No. PCT/GB10/000133 (published as WO 2010/ 
086603). 
0.108 Preferred enzymes are polymerases, exonucleases, 
helicases and topoisomerases. Such as gyrases. Suitable 
enzymes include, but are not limited to, exonuclease I from E. 
coli (SEQ ID NO: 8), exonuclease III enzyme from E. coli 
(SEQ ID NO: 10), Rec.J from T. thermophilus (SEQID NO: 
12) and bacteriophage lambda exonuclease (SEQID NO: 14) 
and variants thereof. Three subunits comprising the sequence 
shown in SEQID NO: 14 or a variant thereof interact to form 
a trimer exonuclease. The enzyme is preferably derived from 
a Phi29 DNA polymerase. An enzyme derived from Phi29 
polymerase comprises the sequence shown in SEQID NO: 6 
or a variant thereof. 

0109) A variant of SEQID NOS: 6, 8, 10, 12 or 14 is an 
enzyme that has an amino acid sequence which varies from 
that of SEQ ID NO: 6, 8, 10, 12 or 14 and which retains 
polynucleotide binding ability. The variant may include 
modifications that facilitate binding of the polynucleotide 
and/or facilitate its activity at high Salt concentrations and/or 
room temperature. 
0110. Over the entire length of the amino acid sequence of 
SEQID NO: 6, 8, 10, 12 or 14, a variant will preferably beat 
least 50% homologous to that sequence based on amino acid 
identity. More preferably, the variant polypeptide may be at 
least 55%, at least 60%, at least 65%, at least 70%, at least 
75%, at least 80%, at least 85%, at least 90% and more 
preferably at least 95%, 97% or 99% homologous based on 
amino acid identity to the amino acid sequence of SEQ ID 
NO: 6, 8, 10, 12 or 14 over the entire sequence. There may be 
at least 80%, for example at least 85%, 90% or 95%, amino 
acid identity over a stretch of 200 or more, for example 230, 
250, 270 or 280 or more, contiguous amino acids (“hard 
homology’). Homology is determined as described above. 
The variant may differ from the wild-type sequence in any of 
the ways discussed above with reference to SEQ ID NO: 2. 
The enzyme may be covalently attached to the pore as dis 
cussed above. 
0111. The two strategies for single strand DNA sequenc 
ing are the translocation of the DNA through the nanopore, 
both cis to trans and trans to cis, either with or against an 
applied potential. The most advantageous mechanism for 
Strand sequencing is the controlled translocation of single 
Strand DNA through the nanopore under an applied potential. 
Exonucleases that act progressively or processively on 
double stranded DNA can be used on the cis side of the pore 
to feed the remaining single Strand through under an applied 
potential or the trans side under a reverse potential. Likewise, 
a helicase that unwinds the double stranded DNA can also be 
used in a similar manner There are also possibilities for 
sequencing applications that require Strand translocation 
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against an applied potential, but the DNA must be first 
“caught by the enzyme under a reverse or no potential. With 
the potential then switched back following binding the strand 
will pass cis to trans through the pore and be held in an 
extended conformation by the current flow. The single strand 
DNA exonucleases or single strand DNA dependent poly 
merases can act as molecular motors to pull the recently 
translocated single strand back through the pore in a con 
trolled Stepwise manner, trans to cis, against the applied 
potential. Alternatively, the single strand DNA dependent 
polymerases can act as molecular brake slowing down the 
movement of a polynucleotide through the pore. Any moi 
eties, techniques or enzymes described in Provisional Appli 
cation U.S. 61/441.718 or U.S. Provisional Application No. 
61/402.903 could be used to control polymer motion. 
0112 However, alternative types of measurement system 
and measurements are also possible. 
0113 Some non-limitative examples of alternative types 
of measurement system are as follows. 
0114. The measurement system may be a scanning probe 
microscope. The scanning probe microscope may be an 
atomic force microscope (AFM), a scanning tunnelling 
microscope (STM) or another form of Scanning microscope. 
0115. In the case where the reader is an AFM, the resolu 
tion of the AFM tip may be less fine than the dimensions of an 
individual polymer unit. AS Such the measurement may be a 
function of multiple polymer units. The AFM tip may be 
functionalised to interact with the polymer units in an alter 
native manner to if it were not functionalised. The AFM may 
be operated in contact mode, non-contact mode, tapping 
mode or any other mode. 
0116. In the case where the reader is a STM the resolution 
of the measurement may be less fine than the dimensions of an 
individual polymer unit Such that the measurement is a func 
tion of multiple polymer units. The STM may be operated 
conventionally or to make a spectroscopic measurement 
(STS) or in any other mode. 
0117 Some examples of alternative types of measurement 
include without limitation: electrical measurements and opti 
cal measurements. A Suitable optical method involving the 
measurement of fluorescence is disclosed by J. Am. Chem. 
Soc. 2009, 131 1652-1653. Possible electrical measurements 
include: current measurements, impedance measurements, 
tunnelling measurements (for example as disclosed in Ivanov 
A Pet al., Nano Lett. 2011 Jan. 12; 11(1):279-85), and FET 
measurements (for example as disclosed in International 
Application WO2005/124888). Optical measurements may 
be combined with electrical measurements (Soni G V et al., 
Rev Sci Instrum. 2010 January: 81 (1): 014301). The mea 
Surement may be a transmembrane current measurement Such 
as measurement of ion current flow through a nanopore. The 
ion current may typically be the DC ion current, although in 
principle an alternative is to use the AC current flow (i.e. the 
magnitude of the AC current flowing under application of an 
AC Voltage). 
0118. Herein, the term k-mer refers to a group of k-poly 
merunits, where k is a positive integer, including the case that 
k is one, in which the k-mer is a single polymer unit. In some 
contexts, reference is made to k-mers where k is a plural 
integer, being a Subset of k-mers in general excluding the case 
that k is one. 
0119) Although ideally the measurements would be 
dependent on a single polymer unit, with many typical mea 
Surement systems, the measurement is dependent on a k-mer 
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of the polymer where k is a plural integer. That is, each 
measurement is dependent on the sequence of each of the 
polymer units in a k-mer where k is a plural integer. Typically 
the measurements are of a property that is associated with an 
interaction between the polymer and the measurement sys 
tem 

I0120 In some embodiments of the present invention it is 
preferred to use measurements that are dependent on Small 
groups of polymer units, for example doublets or triplets of 
polymer units (i.e. in which k=2 or k=3). In other embodi 
ments, it is preferred to use measurements that are dependent 
on larger groups of polymer units, i.e. with a “broad resolu 
tion. Such broad resolution may be particularly useful for 
examining homopolymer regions. 
I0121 Especially where measurements are dependent on a 
k-mer where k is a plural integer, it is desirable that the 
measurements are resolvable (i.e. separated) for as many as 
possible of the possible k-mers. Typically this can be 
achieved if the measurements produced by different k-mers 
are well spread over the measurement range and/or have a 
narrow distribution. This may be achieved to varying extents 
by different measurement systems. However, it is a particular 
advantage of the present invention, that it is not essential for 
the measurements produced by different k-mers to be resolv 
able. 

0.122 FIG. 1 schematically illustrates an example of a 
measurement system 8 comprising a nanopore that is a bio 
logical pore 1 inserted in a biological membrane 2 Such as an 
amphiphilic layer. A polymer 3 comprising a series of poly 
mer units 4 is translocated through the biological pore 1 as 
shown by the arrows. The polymer 3 may be a polynucleotide 
in which the polymer units 4 are nucleotides. The polymer 3 
interacts with an active part 5 of the biological pore 1 causing 
an electrical property Such as the trans-membrane current to 
vary independence on a k-mer inside the biological pore 1. In 
this example, the active part 5 is illustrated as interacting with 
a k-mer of three polymer units 4, but this is not limitative. 
I0123 Electrodes 6 arranged on each side of the biological 
membrane 2 are connected to a an electrical circuit 7, includ 
ing a control circuit 71 and a measurement circuit 72. 
0.124. The control circuit 71 is arranged to supply a voltage 
to the electrodes 6 for application across the biological pore 1. 
0.125. The measurement circuit 72 is arranged to measures 
the electrical property. Thus the measurements are dependent 
on the k-mer inside the biological pore 1. 
0.126 A typical type of signal output by a measurement 
system and which is an input signal to be analysed in accor 
dance with the present invention is a “noisy step wave'. 
although without limitation to this signal type. An example of 
an input signal having this form is shown in FIG.2 for the case 
ofanion current measurement obtained using a measurement 
system comprising a nanopore. 
I0127. This type of input signal comprises an input series of 
measurements in which Successive groups of plural measure 
ments are dependent on the same k-mer. The plural measure 
ments in each group are of a constant value, Subject to some 
variance discussed below, and therefore form a “level” in the 
signal, corresponding to a state of the measurement system. 
The signal moves between a set of levels, which may be a 
large set. Given the sampling rate of the instrumentation and 
the noise on the signal, the transitions between levels can be 
considered instantaneous, thus the signal can be approxi 
mated by an idealised step trace. 
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0128. The measurements corresponding to each state are 
constant over the time scale of the event, but for most mea 
Surement systems will be subject to variance over a short time 
scale. Variance can result from measurement noise, for 
example arising from the electrical circuits and signal pro 
cessing, notably from the amplifier in the particular case of 
electrophysiology. Such measurement noise is inevitable due 
the Small magnitude of the properties being measured. Vari 
ance can also result from inherent variation or spread in the 
underlying physical or biological system of the measurement 
system. Most measurement systems will experience Such 
inherent variation to greater or lesser extents. For any given 
measurement system, both sources of variation may contrib 
ute or one of these noise sources may be dominant. 
0129. In addition, typically there is no a priori knowledge 
of number of measurements in the group, which varies unpre 
dictably. 
0130. These two factors of variance and lack of knowledge 
of the number of measurements can make it hard to distin 
guish some of the groups, for example where the group is 
short and/or the levels of the measurements of two successive 
groups are close to one another. 
0131 The signal takes this form as a result of the physical 
or biological processes occurring in the measurement system. 
Thus, each group of measurements may be referred to as a 
“State'. 

0132 For example, in Some measurement systems com 
prising a nanopore, the event consisting of translocation of the 
polymer through the nanopore may occur in a ratcheted man 
ner During each step of the ratcheted movement, the ion 
current flowing through the nanopore at a given Voltage 
across the nanopore is constant, Subject to the variance dis 
cussed above. Thus, each group of measurements is associ 
ated with a step of the ratcheted movement. Each step corre 
sponds to a state in which the polymer is in a respective 
position relative to the nanopore. Although there may be some 
variation in the precise position during the period of a state, 
there are large scale movements of the polymer between 
states. Depending on the nature of the measurement system, 
the States may occur as a result of a binding event in the 
nanopore. 
0133. The duration of individual states may be dependent 
upon a number of factors, such as the potential applied across 
the pore, the type of enzyme used to ratchet the polymer, 
whether the polymer is being pushed or pulled through the 
pore by the enzyme, pH, salt concentration and the type of 
nucleoside triphosphate present. The duration of a state may 
vary typically between 0.5 ms and 3 s, depending on the 
measurement system, and for any given nanopore system, 
having some random variation between states. The expected 
distribution of durations may be determined experimentally 
for any given measurement system. 
0134. The method may use plural input series of measure 
ments each taking the form described above in which Succes 
sive groups of plural measurements in each series are depen 
dent on the same k-mer. Such plural series might be registered 
so that it is known a priori which measurements from the 
respective series correspond and are dependent on the same 
k-mer, for example if the measurements of each series are 
taken at the same time. This might be the case, for example, if 
the measurements are of different properties measured by 
different measurement systems in Synchronisation. Alterna 
tively, such plural series might not be registered so that it is 
not known a priori which measurements from the respective 
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series correspond and are dependent on the same k-mer. This 
might be the case, for example, if the series of measurements 
are taken at different times. 
0.135 The method according to the third aspect discussed 
below in which measurements are made under the application 
of different levels of Voltage across a nanopore, provides a 
series of measurements in respect of each level of Voltage. In 
this case, the cycle period of the measurements is chosen 
having regard to the cycle period of the states for the mea 
Surement system in question. Ideally, the cycle period is 
shorter than the duration of all states, which is achieved by 
selecting a cycle period that is shorter than the minimum 
expected cycle period for the measurement system. However 
useful information may be obtained from measurements 
made during cycle periods that are shorter than the duration of 
only some states, for example shorter than the average, 60%, 
70%, 80%, 90%, 95%, or 99% of the duration of states. 
Typically the cycle period may be at most 3 s, more typically 
at most 2s or at most 1 S. Typically the cycle period may be at 
least 0.5 ms, more typically at least 1 mS or at least 2 ms. 
0.136 More than one voltage cycle may be applied for the 
duration of a state, for example a number between 2 and 10. 
0.137 Multiple measurements may be made at one voltage 
level (or multiple measurements in at each of plural Voltage 
levels) in respect of each k-mer. In one possible approach, the 
different levels of voltage may each be applied continuously 
for a period of time, for example when the voltage waveform 
is a step wave, and during respective ones of the periods of 
time, a group of multiple measurements are made at the one of 
the Voltages applied during that period. 
0.138. The multiple measurements may themselves be 
used in the Subsequent analysis. Alternatively, one or more 
Summary measurements at the (or each) Voltage level may be 
derived from each group of multiple measurements. The one 
or more Summary measurements may be derived from the 
multiple measurements at any given Voltage level in respect 
of any given k-mer in any manner, for example as an average 
or median, or as a measure of statistical variation, for example 
the standard deviation. The one or more Summary measure 
ments may then be used in the Subsequent analysis. 
0.139. The voltage cycle may be chosen from a number of 
different waveforms. The waveform may be asymmetric, 
symmetric, regular or irregular. 
0140. In one example of a cycle, the different levels of 
Voltage may each be applied continuously for a period of 
time, i.e. for a partial period of the cycle, with a transition 
between those different levels, for example a square wave or 
stepped wave. The transitions between the voltage levels may 
be sharp or may be ramped over a period of time. 
0.141. In another example of a cycle, the voltage level may 
vary continuously, for example being ramped between differ 
ent levels, for example a triangular or sawtooth wave. In this 
case measurements at different levels may be made by mak 
ing measurements at times within the cycle corresponding to 
the desired voltage level. 
0.142 Information may be derived from measurement at a 
Voltage plateau or from measurement of the slope. Further 
information may be derived in addition to measurements 
made at different Voltage levels, for example by measurement 
of the shape of the transient between one voltage level and 
another. 
0143. In a stepped voltage scheme the transitions between 
Voltage levels may be shaped such that any capacitive tran 
sients are minimised Considering the nanopore system as a 
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simple RC circuit the current flowing, I, is given by the 
equation, I=V/R+C dV/dt, where V is the applied potential, R 
the resistance (typically of the pore), t time and C the capaci 
tance (typically of the bilayer). In this model system the 
transition between two voltage levels would follow an expo 
nential of time constant, T-RC where V=V2-(V2-V1)*exp 
(-t/t). 
014.4 FIGS. 52a and 52b illustrates the cases where the 
time constant t of the transition between the voltage levels is 
chosen Such that the transition speed is optimised, too fast and 
too slow. Where the voltage transition is too fast a spike 
(overshoot) is seen in the measured current signal, too slow 
and the measured signal does not flatten out quickly enough 
(undershoot). In the case where the transition speed is opti 
mised the time where the measured current is distorted from 
the ideal sharp transition is minimised. The time constantt of 
the transition may be determined from measurement of the 
electrical properties of the measurement system, or from test 
ing of different transitions. 
0145 Measurements may be made at any number of two 
or more levels of voltage. The levels of voltage are selected so 
that the measurements at each level of voltage provide infor 
mation about the identities of the k-mers upon which the 
measurements depend. The choice of levels therefore 
depends on the nature of the measurement system. The extent 
of potential difference applied across the nanopore will 
depend upon factors such as the stability of the amphiphilic 
layer, the type of enzyme used and the desired speed of 
translocation. Typically each of the levels of voltage will be of 
the same polarity, although in general one or more of the 
levels of voltage could be of an opposite polarity to the others. 
In general, for most nanopore systems each level of Voltage 
might typically be between 10 mV and 2V relative to ground. 
Thus the voltage difference between the voltage levels may 
typically be at least 10 mV. more preferably at least 20 mV. 
The voltage difference between the voltage levels may typi 
cally beat most 1.5V, more typically at most 400 mV. Greater 
Voltage differences tend to give rise to greater differences in 
current between the voltage levels and therefore potentially a 
greater differentiation between respective states. However 
high Voltage levels may give rise for example to more noise in 
the system or result in disruption of translocation by the 
enzyme. Conversely smaller Voltage differences tend to give 
rise to Smaller differences in current. An optimum potential 
difference may be chosen depending upon the experimental 
conditions or the type of enzyme ratchet. 
0146 A k-mer measured at one voltage level might not 
necessarily be the same k-mer as measured at a different 
voltage level. The value of k may differ between k-mers 
measured at different potentials. Should this be the case, it is 
likely however that there will be polymer units that are com 
mon to each k-mer measured at the different Voltage levels. 
Without being bound by theory, it is thought that any differ 
ences in the k-mers being measured may be due to a change of 
conformation of the polymer within the nanopore at higher 
potential differences applied across the nanopore resulting in 
a change in the number of polymer units being measured by 
the reader head. The extent of this conformational change is 
likely to be dependent upon the difference in potential 
between one value and another. 

0147 There may be other information available either as 
part of the measurement or from additional sources that pro 
vides registration information. This other information may 
enable states to be identified. 
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0148 Alternatively, the signal may take an arbitrary form. 
In these cases, the measurements corresponding to k-mers 
may also be described in terms of a set of emissions and 
transitions. For example, a measurement that is dependent on 
a particular k-mer may comprise of a series of measurements 
occurring in a fashion amenable to description by these meth 
ods. 

014.9 The extent to which a given measurement system 
provides measurements that are dependent on k-mers and the 
size of the k-mers may be examined experimentally. For 
example, known polymers may be synthesized and held at 
predetermined locations relative to the measurement system 
to investigate from the resultant measurements how the mea 
surements depend on the identity of k-mers that interact with 
the measurement system. 
0150. One possible approach is to use a set of polymers 
having identical sequences except for a k-mer at a predeter 
mined position that varies for each polymer of the set. The 
size and identity of the k-mers can be varied to investigate the 
effect on the measurements. 

0151. Another possible approach is to use a set of poly 
mers in which the polymer units outside a k-mer under inves 
tigation at a predetermined position vary for each polymer of 
the set. As an example of Such an approach, FIG. 3 is a 
frequency distribution of current measurements of two poly 
nucleotides in a measurement system comprising a nanopore. 
In one of the polynucleotides (labelled polyT), every base in 
the region of the nanopore is a T (labelled polyT), and in the 
other of the polynucleotides (labelled N11-TATGAT-N8), 11 
bases to the left and 8 to the right of a specific fixed 6-mer 
(having the sequence TATGAT) are allowed to vary. The 
example of FIG. 3 shows excellent separation of the two 
Strands in terms of the current measurement. The range of 
values seen by the N11-TATGAT-N8 strand is also only 
slightly broader than that seen by the polyT. In this way and 
measuring polymers with other sequences also, it can be 
ascertained that, for the particular measurement system in 
question, measurements are dependent on 6-mers to a good 
approximation. 
0152 This approach, or similar, can be generalised for any 
measurement system enabling the location and a minimal 
k-mer description to be determined. 
0153. A probabilistic framework, in particular techniques 
applying multiple measurements under different conditions 
or via different detection methods, may enable a lower-k 
description of the polymer to be used. For example in the case 
of Sense and Antisense DNA measurements discussed below, 
a 3mer description may be sufficient to determine the under 
lying polymer k-mers where a more accurate description of 
each k-mer measurement would be a 6-mer. Similarity, in the 
case of measurement at multiple potentials, a k-mer descrip 
tion, wherein k has a lower value may be sufficient to deter 
mine the underlying polymer k-mers where a more accurate 
description of each k-mer measurement would be a kmer or 
k-mers whereink has a higher value. 
0154 Similar methodology may be used to identify loca 
tion and width of well-approximating k-mers in a general 
measurement system. In the example of FIG. 3, this is 
achieved by changing the position of the 6-mer relative to the 
pore (e.g. by varying the number of Ns before and after) to 
detect location of the best approximating k-mer and increas 
ing and decreasing the number of fixed bases from 6. The 
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value ofk can be minimal Subject to the spread of values being 
sufficiently narrow. The location of the k-mer can be chosen 
to minimise peak width. 
0155 For typical measurement systems, it is usually the 
case that measurements that are dependent on different 
k-mers are not all uniquely resolvable. For example, in the 
measurement system to which FIG.3 relates, it is observed 
that the range of the measurements produced by DNA strands 
with a fixed 6-mer is of the order of 2 p.A and the approximate 
measurement range of this system is between 30 pA and 70 
pA. For a 6-mer, there are 4096 possible k-mers. Given that 
each of these has a similar variation of 2 p.A, it is clear that in 
a 40 pA measurement range these signals will not be uniquely 
resolvable. Even where measurements of some k-mers are 
resolvable, it is typically observed that measurements of 
many other k-mers are not. 
0156 For many actual measurement systems, it is not 
possible to identify a function that transforms k measure 
ments, that each depend in part on the same polymer unit, to 
obtain a single value that is resolved at the level of a polymer 
unit, or more generally the k-mer measurement is not describ 
able by a set of parameters smaller than the number of k-mers. 
0157 By way of example, it will now be demonstrated for 
a particular measurement system comprising a nanopore 
experimentally derived ion current measurements of poly 
nucleotides are not accurately describable by a simple first 
order linear model. This is demonstrated for the two training 
sets described in more detail below. The simple first order 
linear model used for this demonstration is: 

Current=Sumfin(Bn)+E 

where fin are coefficients for each base Bn occurring at each 
position n in the measurement system and E represents the 
random error due to experimental variability. The data are fit 
to this model by a least squares method, although any one of 
many methods known in the art could alternatively be used. 
FIGS. 4 and 5 are plots of the best model fit against the current 
measurements. If the data was well described by this model, 
then the points should closely follow the diagonal line within 
a typical experimental error (for example 2 p.A). This is not 
the case showing that the data is not well described by this 
linear model for either set of coefficients. 

0158. There will now be described a specific method of 
analysing an input signal that is a noisy step wave, that 
embodies the first aspect of the present invention. The follow 
ing method relates to the case that measurements are depen 
dent on a k-mer where k is two or more, but the same method 
may be applied in simplified form to measurements that are 
dependent on a k-mer where k is one. 
0159. The method is illustrated in FIG. 6 and may be 
implemented in an analysis unit 10 illustrated Schematically 
in FIG. 6. The analysis unit 10 receives and analyses an input 
signal that comprises measurements from the measurement 
circuit 72. The analysis unit 10 and the measurement system 
8 are therefore connected and together constitute an apparatus 
for analysing a polymer. The analysis unit 10 may also pro 
vide control signals to the control circuit 7 to select the volt 
age applied across the biological pore 1 in the measurement 
system 8, and may analyse the measurements from the mea 
Surement circuit 72 in accordance with applied Voltage. 
0160 The apparatus including the analysis unit 10 and the 
measurement system 8 may be arranged as disclosed in any of 
WO-2008/102210, WO-2009/07734, WO-2010/122293 and/ 
or WO-2011/067559. 
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0.161 The analysis unit 10 may be implemented by a com 
puter program executed in a computer apparatus or may be 
implemented by a dedicated hardware device, or any combi 
nation thereof. In either case, the data used by the method is 
stored in a memory in the analysis unit 10. The computer 
apparatus, where used, may be any type of computer system 
but is typically of conventional construction. The computer 
program may be written in any Suitable programming lan 
guage. The computer program may be stored on a computer 
readable storage medium, which may be of any type, for 
example: a recording medium which is insertable into a drive 
of the computing system and which may store information 
magnetically, optically or opto-magnetically; a fixed record 
ing medium of the computer system such as a hard drive; or a 
computer memory. 
0162 The method is performed on an input signal 11 that 
comprises a series of measurements (or more generally any 
number of series, as described further below) of the type 
described above comprising Successive groups of plural mea 
Surements that are dependent on the same k-mer without a 
priori knowledge of number of measurements in any group. 
An example of such an input signal 11 is shown in FIG. 2 as 
previously described. 
0163. In a state detection step S1, the input signal 11 is 
processed to identify successive groups of measurements and 
to derive a series of measurements 12 consisting of a prede 
termined number, being one or more, of measurements in 
respect of each identified group. An analysis step S2 is per 
formed on the thus derived series of measurements 12. The 
purpose of the state detection step S1 is to reduce the input 
signal to a predetermined number of measurements associ 
ated with each k-mer state to simplify the analysis step S2. For 
example a noisy step wave signal, as shown in FIG.2 may be 
reduced to states where a single measurement associated with 
each state may be the mean current. This state may be termed 
a level. 

0164. The state detection step S1 may be performed using 
the method shown in FIG. 7 that looks for short-term 
increases in the derivative of the input signal 11 as follows. 
0.165. In step S1-1, the input signal 11 is differentiated to 
derive its derivative. 

0166 In step S1-2, the derivative from step S1-1 is sub 
jected to low-pass filtering to Suppress high-frequency noise 
(which the differentiation tends to amplify). 
(0167. In step S1-3, the filtered derivative from step S1-2 is 
thresholded to detect transition points between the groups of 
measurements, and thereby identify the groups of data. 
0.168. In step S1-4, a predetermined number of measure 
ments is derived from the input signal 11 in each group 
identified in step S1-3. In the simplest approach, a single 
measurement is derived, for example as the mean, median, or 
other measure of location, of the measurements in each iden 
tified group. The measurements output from step S1-4 form 
the series of measurements 12. In other approaches, plural 
measurements in respect of each group are derived. 
0169. A common simplification of this technique is to use 
a sliding window analysis whereby one compares the means 
of two adjacent windows of data. A threshold can then be 
either put directly on the difference in mean, or can be set 
based on the variance of the data points in the two windows 
(for example, by calculating Student's t-statistic). A particu 
lar advantage of these methods is that they can be applied 
without imposing many assumptions on the data. 
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0170. Other information associated with the measured 
levels can be stored for use later in the analysis. Such infor 
mation may include without limitation any of the variance of 
the signal; asymmetry information; the confidence of the 
observation; the length of the group. 
0171 By way of example, FIG. 9 illustrates an experimen 

tally determined input signal 11 reduced by a moving window 
t-test. In particular, FIG. 9 shows the input signal 11 as the 
light line. Levels following state detection are shown over 
layed as the dark line. FIG. 10 shows the series of measure 
ments 12 derived for the entire trace, calculating the level of 
each state from the mean value between transitions. 
0172. However, as described in more detail below, the 
state detection step S1 is optional and in an alternative 
described further below, may be omitted. In this case, as 
shown schematically by the dotted line in FIG. 6, the analysis 
step S2 is performed on the input signal 11 itself, instead of 
the series of measurements 12. 
(0173 The analysis step S2 will now be described. 
0.174. The analysis step S2 uses an analytical technique 
that refers to a model 13 stored in the analysis unit 10. The 
analysis step S2 estimates an estimated sequence 16 of poly 
merunits in the polymer based on the likelihood predicted by 
the model 13 of the series of measurements 12 being pro 
duced by sequences of polymer units. In the simplest case, the 
estimated sequence 16 may be a representation that provides 
a single estimated identity for each polymer unit. More gen 
erally, the estimated sequence 16 may be any representation 
of the sequence of polymer units according to some optimal 
ity criterion. For example, the estimated sequence 16 may 
comprise plural sequences, for example including plural esti 
mated identities of one or more polymer units in part or all of 
the polymer. 
(0175. The mathematical basis of the model 13 will now be 
considered. The analysis step S2 also provides quality scores 
17 that are described further below. 
0176 The relationship between a sequence of random 
variables XX2,....X from which currents are sampled 
may be represented by a simple graphical model A, which 
represents the conditional independence relationships 
between variables: 

Each current measurement is dependent on a k-mer being 
read, so there is an underlying set of random variables S1, S2, 

., S. representing the underlying sequence of k-mers and 
with a corresponding graphical model B: 

X1 X2 X3 . . . X, 

S1-S2-S3 - . . . -S, 

0177. These models as applied to the current area of appli 
cation take advantage of the Markov property. In model A, if 
f(X) is taken to represent the probability density function of 
the random variable X, then the Markov property can be 
represented as: 

f(XIX, 1)-f(X, X1,X2,...,X,n-1) 

In model B, the Markov property can be represented as: 
P(SIS 1) P(SS1, S2, ..., S. 1) 

0.178 Depending on exactly how the problem is encoded, 
natural methods for Solution may include Bayesian networks, 
Markov random fields, Hidden Markov Models, and also 
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including variants of these models, for example conditional 
or maximum entropy formulations of such models. Methods 
of solution within these slightly different frameworks are 
often similar. Generally, the model 13 comprises transition 
weightings 14 representing the chances of transitions from 
origink-mers to destination k-mers; and emission weightings 
15 in respect of each k-mer that represent the chances of 
observing given values of measurements for that k-mer. An 
explanation will now be given in the case that the model 13 is 
a Hidden Markov Model. 

(0179 The Hidden Markov Model (HMM) is a natural 
representation in the setting given here in graphical model B. 
In a HMM, the relationship between the discrete random 
variables S, and S is defined interms of a transition matrix 
of transition weightings 14 that in this case are probabilities 
representing the probabilities of transitions between the pos 
sible states that each random variable can take, that is from 
origin k-mers to destination k-mers. For example, conven 
tionally the (i,j)th entry of the transition matrix is a transition 
weighting 14 representing the probability that Si-s, 
given that S, S, i.e. the probability of transitioning to the 
jth possible value of S given that S, takes on its i'th 
possible value. 
0180 FIG. 11 is a pictorial representation of the transition 
matrix from S to S. Here S, and S only show 4 values 
for sake of illustration, but in reality there would be as many 
states as there are different k-mers. Each edge represents a 
transition, and may be labelled with the entry from the tran 
sition matrix representing the transition probability. In FIG. 
11, the transition probabilities of the four edges connecting 
each node in the Slayer to the Slayer would classically 
Sum to one, although non-probabilistic weightings may be 
used. 

0181. In general, it is desirable that the transition weight 
ings 14 comprise values of non-binary variables (non-binary 
values). This allows the model 13 to represent the actual 
probabilities of transitions between the k-mers. 
0182 Considering that the model 13 represents the 
k-mers, any given k-mer has k preferred transitions, being 
transitions from origink-mers to destination k-mers that have 
a sequence in which the first (k-1) polymer units are the final 
(k-1) polymer unit of the origin k-mer. For example in the 
case of polynucleotides consisting of the 4 nucleotides G, T, 
A and C, the origin 3-mer TAC has preferred transitions to the 
3-mers ACA, ACC, ACT and ACG. To a first approximation, 
conceptually one might consider that the transition probabili 
ties of the four preferred transitions are equal being (0.25) and 
that the transition probabilities of the other non-preferred 
transitions are Zero, the non-preferred transitions being tran 
sitions from origin k-mers to destination k-mers that have a 
sequence different from the origink-mer and in which the first 
(k-1) polymer units are not the final (k-1) polymer units of the 
origink-mer. However, whilst this approximation is useful for 
understanding, the actual chances of transitions may in gen 
eral vary from this approximation in any given measurement 
system. This can be reflected by the transition weightings 14 
taking values of non-binary variables (non-binary values). 
Some examples of such variation that may be represented are 
as follows. 

0183) One example is that the transition probabilities of 
the preferred transitions might not be equal. This allows the 
model 13 to represent polymers in which there is an interre 
lationship between polymers in a sequence. 
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0184 One example is that the transition probabilities of at 
least Some of the non-preferred transitions might be non-Zero. 
This allows the model 13 to take account of missed measure 
ments, that is in which there is no measurement that is depen 
dent on one (or more) of the k-mers in the actual polymer. 
Such missed measurements might occur either due to a prob 
lem in the measurement system Such that the measurement is 
not physically taken, or due to a problem in the Subsequent 
data analysis, such as the state detection step S1 failing to 
identify one of the groups of measurements, for example 
because a given group is too short or two groups do not have 
sufficiently separated levels. 
0185. Notwithstanding the generality of allowing the tran 
sition weightings 14 to have any value, typically it will be the 
case that the transition weightings 14 represent non-Zero 
chances of the preferred transitions from origin k-mers to 
destination k-mers that have a sequence in which the first 
(k-1) polymer units are the final (k-1) polymer unit of the 
origin k-mer, and represent lower chances of non-preferred 
transitions. Typically also, the transition weightings 14 rep 
resent non-Zero chances of at least some of said non-preferred 
transitions, even though the chances may be close to Zero, or 
may be zero for some of the transitions that are absolutely 
excluded. 
0186 To allow for single missed k-mers in the sequence, 
the transition weightings 14 may represent non-zero chances 
of non-preferred transitions from origink-mers to destination 
k-mers that have a sequence wherein the first (k-2) polymer 
units are the final (k-2) polymer unit of the origin k-mer. For 
example in the case of polynucleotides consisting of 4 nucle 
otides, for the origin 3-mer TAC these are the transitions to all 
possible 3-mers starting with C. We may define the transitions 
corresponding to these single missed k-mers as "skips. 
0187. In the case of analysing the series of measurements 
12 comprising a single measurement in respect of each k-mer, 
then the transition weightings 14 will represent a high chance 
of transition for each measurement 12. Depending on the 
nature of the measurements, the chance of transition from an 
origin k-mer to a destination k-mer that is the same as the 
origin k-mer may be Zero or close to Zero, or may be similar 
to the chance of the non-preferred transitions. 
0188 Similarly in the case of analysing a series of mea 
Surements 12 comprising a predetermined number of mea 
Surements in respect of each k-mer, then the transition 
weightings 14 may represent a low or Zero chance of transi 
tion between the measurements 12 in respect of the same 
k-mer. It is possible to change the transition weightings 14 to 
allow the origin k-mer and destination k-mer to be the same 
k-mer. This allows, for example, for falsely detected state 
transitions. We may define the transitions corresponding to 
these repeated same k-mers as “stays.” We note that in the 
case where all of the polymer units in the k-mer are identical, 
a homopolymer, a preferred transition would be a stay tran 
sition. In these cases the polymer has moved one position but 
the k-mer remains the same. 

0189 Similarly, in the case that in the case of analysing a 
series of measurements 12 in which there are typically plural 
measurements in respect of each k-mer but of unknown quan 
tity (which may be referred to as “sticking'), the transition 
weightings 14 may represent a relatively high probability of 
the origink-mer and destination k-mer being the same k-mer, 
and depending on the physical system may in some cases be 
larger than the probability of preferred transitions as 
described above being transitions from origin k-mers to des 
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tination k-mers in which the first (k-1) polymer units are the 
same as the final (k-1) polymer units of the origin k-mer 
0190. Furthermore, in the case of analysing the input sig 
nal 11 without using the state detection step S1, then this may 
be achieved simply by adapting the transition weightings 14 
to represent a relatively high probability of the origin k-mer 
and destination k-mer to be the same k-mer. This allows 
fundamentally the same analysis step S2 to be performed, the 
adaptation of the model 13 taking account implicitly of State 
detection. 

(0191 Associated with each k-mer, there is an emission 
weighting 15 that represents the probability of observing 
given values of measurements for that k-mer. Thus, for the 
k-mer state represented by the node S, in FIG. 11, the 
emission weighting 15 may be represented as a probability 
density function g(X,ls,) which describes the distribution 
from which current measurements are sampled. It is desirable 
that the emission weightings 15 comprise values of non 
binary variables. This allows the model 13 to represent the 
probabilities of different current measurements, that might in 
general not have a simple binary form. 
0.192 In the case that the state detection step S1 derives a 
series of measurements 12 consisting of plural measurement 
in respect of each identified group (for example a mean and a 
variance), the emission weightings 15 represent probabilities 
of observing given values of each type of measurement for 
that k-mer. Similarly, in the more general case that the method 
is performed on plural series of measurements 12 that are 
registered so that it is known a priori which measurements 
from the respective series correspond and are dependent on 
the same k-mer, the emission weightings 15 again represent 
probabilities of observing given values of the measurements 
of each series for that k-mer. In these cases, the model 13 may 
be applied using the emission weightings 15 as a probability 
density function in plural dimensions which describes the 
distribution of the plural measurements for each k-mer state. 
In general, the emission weightings 15 for any given k-mer 
may take any form that reflects the probability of measure 
ments. Different k-mers are not required to have emission 
weightings 15 with the same emission distributional form or 
parameterisation within a single model 13. 
0193 For many measurement systems, the measurement 
of a k-mer has a particular expected value that can be spread 
either by a spread in the physical or biological property being 
measured and/or by a measurement error. This can be mod 
elled in the model 13 by using emission weightings 15 that 
have a suitable distribution, for example one that is unimodal. 
0194 However, for some measurement systems, the emis 
sion weightings 15 for any given k-mer may be multimodal, 
for example arising physically from two different types of 
binding in the measurement system and/or from the k-mer 
adopting multiple conformations within the measurement 
system. 
0.195 Advantageously, the emission weightings 15 may 
represent non-Zero chances of observing all possible mea 
surements. This allows the model 13 to take account of unex 
pected measurements produced by a given k-mer, that are 
outliers. For example the emission weightings 15 probability 
density function may be chosen over a wide Support that 
allows outliers with non-zero probability. For example in the 
case of a unimodal distribution, the emission weightings 15 
for each k-mer may have a Gaussian or Laplace distribution 
which have non-zero weighting for all real numbers. 
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0196. It may be advantageous to allow the emission 
weightings 15 to be distributions that are arbitrarily defined, 
to enable elegant handling of outlier measurements and deal 
ing with the case of a single state having multi-valued emis 
S1O.S. 

0197) It may be desirable to determine the emission 
weightings 15 empirically, for example during a training 
phase as described below. 
0198 The distributions of the emission weightings 15 can 
be represented with any suitable number of bins across the 
measurement space. For example, in a case described below 
the distributions are defined by 500 bins over the data range. 
Outlier measurements can be handled by having a non-Zero 
probability in all bins (although low in the outlying bins) and 
a similar probability if the data does not fall within one of the 
defined bins. A sufficient number of bins can be defined to 
approximate the desired distribution. 
0199 Thus particular advantages may be derived from the 
use of transition weightings 14 that represent non-Zero 
chances of at least Some of said non-preferred transitions 
and/or the use of emission weightings 15 that represent non 
Zero chances of observing all possible measurements. Par 
ticular advantages may also be derived from the use of emis 
sion weightings that correspond to the relative chance of 
observing a range of measurements for a given k-mer. 
0200. To emphasise these advantages, a simple non 
probabilistic method for deriving sequence is considered as a 
comparative example. In this comparative example, k-mers 
producing measurements outside a given range of the 
observed value are disallowed and transitions corresponding 
to missed measurements (skips) are disallowed, for example 
reducing the number of transitions in FIG. 11 by deleting 
edges and nodes. In the comparative example a search is then 
made for the unique connected sequence of k-mer states, 
containing exactly one node for each S, and corresponding to 
an underlying sequence of polymer units. However, as this 
comparative example relies on arbitrary thresholds to identify 
disallowed nodes and edges, it fails to find any path in the case 
of a skipped measurement since the appropriate edge does not 
exist in the graph. Similarly in the case of an outlying mea 
Surement, the comparative example will result in the corre 
sponding node being deleted in FIG. 11, and again the correct 
path through the graph becomes impossible to ascertain. 
0201 In contrast a particular advantage of the use of a 
model 13 and an analytical technique in the analysis step S2, 
such as a probabilistic or weighted method, is that this break 
down case can be avoided. Another advantage is that in the 
case where multiple allowed paths exist, the most likely, or set 
of likely paths can be determined. 
0202 Another particular advantage of this method relates 
to detection of homopolymers, that is a sequence of identical 
polymer units. The model-based analysis enables handling of 
homopolymer regions up to a length similar to the number of 
polymer units that contribute to the signal. For example a 
6-mer measurement could identify homopolymer regions up 
to 6 polymer units in length. 
0203 One possible form of the analysis step S2 is shown 
in FIG. 8 and operates as follows. 
0204. In step S2-1, an estimated sequence 18 of k-mers is 
estimated with reference to the model 13 based on the likeli 
hood predicted by the model 13 of the series of measurements 
12 being produced by sequences of k-mers. 
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0205. In step S2-2, the estimated sequence 16 of polymer 
units is estimated from the estimated sequence 18 of k-mers 
estimated in step S2-1. 
0206. In both steps S2-1 and S2-2, there are also provided 
quality Scores that represent the quality of respectively, the 
estimated sequence 18 of k-mers and the estimated sequence 
16 of polymer units, as discussed further below. 
0207. The analytical technique applied in the analysis step 
S2 may take a variety of forms that are suitable to the model 
13 to provide the estimated sequence 16 of polymer units in 
the polymer based on the likelihood predicted by the model 
13 of the series of measurements 12 being produced by 
sequences of polymer units. For example in the case that the 
model is an HMM, the analysis technique may use in step 
S2-1 any known algorithm, for example the Forwards Back 
wards algorithm or the Viterbialgorithm. Such algorithms in 
general avoid a brute force calculation of the likelihood of all 
possible paths through the sequence of states, and instead 
identify state sequences using a simplified method based on 
the likelihood. 

0208. In one alternative, step S2-1 may identify the 
sequence 18 of k-mers by estimating individual k-mers of the 
sequence, or plural k-mer estimates for each k-mer in the 
sequence, based on the likelihood predicted by the model of 
the series of measurements being produced by the individual 
k-mers. As an example, where the analysis technique use the 
Forwards Backwards algorithm in step S2-1, the analysis 
technique estimates the sequence 18 of k-mers based on the 
likelihood predicted by the model of the series of measure 
ments being produced by the individual k-mers. The For 
wards-Backwards algorithm is well known in the art. For the 
forwards part: the total likelihood of all sequences ending in 
a given k-mer is calculated recursively forwards from the first 
to the last measurement using the transition and emission 
weightings. The backwards part works in a similar manner 
but from the last measurement through to the first. These 
forwards and backwards probabilities are combined and 
along with the total likelihood of the data to calculate the 
probability of each measurement being from a given k-mer. 
0209 From the Forwards-Backwards probabilities, an 
estimate of each k-mer in the sequence 18 is derived. This is 
based on the likelihood associated with each individual 
k-mer. One simple approach is to take the most likely k-mer at 
each measurement, because the Forwards-Backwards prob 
abilities indicate the relative likelihood of k-mers at each 
measurement. 

0210. In step S2-1, quality scores also are derived in 
respect of individual k-mers in the sequence 18, that represent 
the likelihoods predicted by the model 13 of the series of 
measurements 12 being produced by a sequence including the 
individual k-mers. This may be obtained from the analysis 
performed in step S2-1, and provides additional useful infor 
mation. 

0211. In another alternative, step S2-1 may identify the 
sequences 18 of k-mers by estimating the overall sequence, or 
plural overall sequences, based on the likelihood predicted by 
the model of the series of measurements being produced by 
overall sequences of k-mers. As another example, where the 
analysis technique uses the Viterbialgorithm in step S2-1, the 
analysis technique estimates the sequence 18 of k-mers based 
on the likelihood predicted by the model of the series of 
measurements being produced by an overall sequences of 
k-mers. The Viterbialgorithm is well known in the art. 
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0212. In step S2-1, quality scores also are derived in 
respect of individual k-mers in the sequence 18, that represent 
the likelihoods predicted by the model 13 of the series of 
measurements 12 being produced by the overall sequence of 
k-mers. This may be obtained from the analysis performed in 
step S2-1, and provides additional useful information. 
0213. As another alternative, step S2-1 may be broken into 
two stages, comprising: a first stage of identifying overall 
sequences of k-mers, based on the likelihood predicted by the 
model of the series of measurements being produced by the 
overall sequences of k-mers; and a second stage of identifying 
the sequence 18 of k-mers by estimating, from the results of 
the first stage, individual k-mers of the sequence, or plural 
k-mer estimates for each k-mer in the sequence. As an 
example, this alternative may use brute force calculations. 
0214. In step S2-2, the estimated sequence 16 of polymer 
units is estimated from the estimated sequence 18 of k-mers 
estimated in step S2-1 using any suitable technique. One 
straightforward approach is to relate k-mers to polymer units 
in a one-to-one relationship and to simply take a single poly 
mer unit from the related k-mer. More complicated 
approaches estimate each polymer unit using a combination 
of information from the group of estimated k-mers in the 
sequence 18 that contain each given polymer unit. For 
example the polymer unit may be taken from most probable 
of those estimated k-mers. Each polymer unit may be esti 
mated making use of the quality Scores 17 derived in respect 
of the estimated k-mer sequence in step S2-1. 
0215. In step S2-2, quality scores also are derived in 
respect of each polymer unit in the sequence 16, that represent 
the likelihoods predicted by the model 13 of the series of 
measurements 12 being produced by a sequence including the 
polymer units. This may be obtained from the analysis per 
formed in step S2-2, for example based on the relative prob 
ability of each k-mer and the associated polymer units, and 
provides additional useful information. 
0216. The above techniques in the analysis step S2 are not 
limitative. There are many ways to utilise the model using a 
probabilistic or other analytical technique. The process of 
estimating an overall sequence of k-mers, individual k-mers 
or underlying polymer units can be tailored to a specific 
application. It is not necessary to make any "hard k-mer 
sequence, k-mer or polymer unit calls. There can be consid 
ered all k-mer sequences, or a Sub-set of likely k-mer 
sequences. There can be considered k-mers or sets of k-mers 
either associated with k-mer sequences or considered inde 
pendently of particular k-mer sequences, for example a 
weighted Sum overall k-mer sequences. Polymer units or sets 
of polymer units associated with k-mers or considered inde 
pendently of particular k-mers, for example a weighted Sum 
over all k-mers, those k-mers either dependent on, or inde 
pendent of k-mer sequences or sets of k-mer sequences. 
0217. By way of example a 3-mer polynucleotide system 
may be considered. There are several ways to derive a set of 
likely base estimates. A first alternative is to consider the most 
likely path (Viterbialgorithm), derive the set of 3-mer states 
associated with that path and use one base from the k-mer, for 
example the central base, as the base call. A second alternative 
is to considerall paths to derive the most likely k-mer at each 
point (Forwards-Backwards algorithm). One base from the 
most likely k-mer (for example the central base) could then be 
the base estimate. An alternative way to derive the base esti 
mate from the k-mers would be to sum over all k-mers con 
sidering contributions of one of the bases (for example the 
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central base) and taking the most likely base as the estimate. 
An alternative way to derive the base estimate from the 
k-mers would be to sum the contributions from all positions in 
all k-mers to determine the most likely estimate at each posi 
tion. 

0218. Similarly, the analysis step S2 may estimate plural 
sequences 18 of k-mers and/or plural sequences 16 of poly 
mer units. In this case, there may be derived quality scores in 
respect of each of the plural sequences 18 of k-mers and/or 
each of the plural sequences 16 of polymer units. In this way, 
the analysis step S2 provides information on less likely 
sequences, that may nonetheless be useful in Some applica 
tions. 

0219. The above description is given in terms of a model 
13 that is a HMM in which the transition weightings 14 and 
emission weightings 15 are probabilities and the analysis step 
S2 uses a probabilistic technique that refers to the model 13. 
However, it is alternatively possible for the model 13 to use a 
framework in which the transition weightings 14 and/or the 
emission weightings 15 are not probabilities but represent the 
chances of transitions or measurements in some other way. In 
this case, the analysis step S2 may use an analytical technique 
other than a probabilistic technique that is based on the like 
lihood predicted by the model 13 of the series of measure 
ments being produced by sequences of polymer units. The 
analytical technique used by the analysis step S2 may explic 
itly use a likelihood function, but in general this is not essen 
tial. Thus in the context of the present invention, the term 
“likelihood is used in a general sense of taking account of the 
chance of the series of measurements being produced by 
sequences of polymer units, without requiring calculation or 
use of a formal likelihood function. 

0220. For example, the transition weightings 14 and/or the 
emission weightings 15 may be represented by costs (or dis 
tances) that represent the chances of transitions or emissions, 
but are not probabilities and so for example are not con 
strained to Sum to one. In this case, the analysis step S2 may 
use an analytical technique that handles the analysis as a 
minimum cost path or minimum path problem, for example as 
seen commonly in operations research. Standard methods 
Such as Dijkstra's algorithm (or other more efficient algo 
rithms) can be used for solution. 
0221) There will now be discussed a specific example in 
which the model 13 is a HMM that is used to model and 
analyse data from a blunt reader head system. Here, the input 
data 11 is first processed by the state detection step S1 as 
described previously. For simplicity, but without limitation, 
this specific example relates to a 3-mer model for a polynucle 
otide having 4 possible bases such that there are 64 possible 
k-mers. A simulated case is presented to enable illustration of 
the key points with reference to the underlying model 13 and 
States. 

0222. In this simulated case, the 3-mer current levels are 
selected randomly, such that the simplest description of the 
emission weightings 15 of the 64 k-mer states requires the 64 
coefficients. Determination of the underlying sequence of 
k-mers from a measurement is achieved by a model-based 
analysis, as described. 
0223 FIG. 12 shows for each k-mer, the most likely value 
of the measurement. These values are therefore also the cen 
tral values of the distributions for the emission weightings 15 
of each k-mer. In FIG. 12, k-mer state indices run sequentially 
in order G, T, A, C, i.e. state 0–"GGG', state 1="GGT, ... 
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state 62="CCA', state 63="CCC. K-mer state indices are 
used during the analysis with conversion back to “base space” 
as a final step. 
0224 Measurements from a given sequence are simulated 
using the previously described coefficients. For example the 
sequence ACTGTCAG, is made up of the 3mers: ACT. CTG, 
TGT, GTC, TCA, CAG. These correspond to state indices 45, 
52, 17, 7, 30, 56 which give expected measurements of 68.5, 
46.5, 94.9, 51.3, 19.5, 52.1. Simulated measurements are 
illustrated in FIG. 13 as the input signal 12 and in FIG. 14 as 
the series of measurements 12 produced by the state detection 
step S1. 
0225. In practice, any measurements made have an error 
associated with them. In the simulated case, account for this 
is taken by adding noise to the expected measurements. 
0226. There is also the chance of missing a measurement 
or of inserting a false positive measurement. These can be 
accounted for in the transition matrix as will now be 
described. 

0227. The transition matrix of transition weightings 14 for 
the simulated case will now be considered. 

0228. Given a series of measurements 12 and the set of 
emission weightings 15, the analysis step S2 determines an 
estimate of the underlying sequence. Conceptually, this may 
be considered as the analysis step S2 modelling all possible 
transitions against which the observed sequence is compared 
(although in fact the analysis step S2 may use a more efficient 
algorithm that does not require this). For example in the 3-mer 
case under consideration, each of the 64 states has preferred 
transitions to four other states. 

0229 FIG. 15 illustrates a transition matrix of transition 
weightings 14 for the simulated model in which the transition 
weightings 14 for preferred transitions are each 0.25 and the 
transition weightings 14 for non-preferred transitions are 
each Zero. For example it can be seen that origin state 0 
(GGG) can transition to states, 0 (GGG), 1 (GGT), 2 (GGA) 
or 3 (GGC) with equal probabilities. 
0230 FIG. 16 illustrates a more complicated case of a 
transition matrix of transition weightings 14 for the simulated 
model modified from that of FIG. 15 by allowing non-zero 
transition weightings 14 for non-preferred transitions that 
represent a missed measurement, i.e. in which a transition is 
skipped. In general terms, the transition matrix can be arbi 
trarily complex as needed to model the underlying measure 
ment system. 
0231. In the case of operating on the series of measure 
ments 12, where we have performed state detection S1, tran 
sition probabilities away from any given origin k-mer are 
typically high, in Sum approaching 1. In the first example of 
FIG. 15, transition matrix requires a transition, except in the 
four homopolymer cases where one of the preferred “transi 
tions” is to the same k-mer. The probability of each of the four 
preferred transitions from any state is 0.25. This matrix is 
unlikely to be able to handle “real world data unless other 
appropriate mitigation is made, for example outlier handling 
in the emission weightings 15. 
0232. However, non-zero transitions can be allowed for 
any case that it is required to deal with or is likely to occur. In 
the second example of FIG. 16, the probabilities of the pre 
ferred transitions are less than 0.25, with the remainder made 
up from the stay and skip probabilities. Multiple skips may 
also be permitted in a similar manner up to an arbitrary level 
of complexity. 

Jun. 9, 2016 

0233 Transition probabilities can be tuned to take into 
account the ease with which a transition between k-mers can 
be measured. For example in the case of the signal from two 
sequential k-mers being very close together, it is possible for 
the state detection step S1 to miss this transition. In this case, 
the transition matrix elements between these two k-mers may 
be weighted in the direction of skipping the second k-mer. 
0234. The matrix may be tuned to take into account any 
sequence bias in a given sample. 
0235. In the above examples, the emission and transition 
weightings are fixed at a constant value but this is not essen 
tial. As an alternative the emission weightings and/or transi 
tion weightings may be varied for different sections of the 
measurement series to be analysed, perhaps guided by addi 
tional information about the process. As an example, an ele 
ment of the matrix of transition weightings which has an 
interpretation as a 'stay” could be adjusted depending on the 
confidence that a particular event () reflects an actual transi 
tion of the polymer. As a further example, the emission 
weightings could be adjusted to reflect systematic drift in the 
background noise of the measuring device orchanges made to 
the applied Voltage. The scope of adjustments to the weight 
ings is not limited to these examples. 
0236. In the above example, there is a single representa 
tion of each k-mer, but this is not essential. As an alternative, 
the model may have plural distinct representations of some or 
all of the k-mers, so that in respect of any given k-mer there 
may be plural sets of transition and/or emission weightings. 
The transition weightings here could be between distinct 
origin and distinct destination k-mers, so each origin-desti 
nation pair may have plural weightings depending on the 
number of distinct representations of each k-mer. One of 
many possible interpretations of these distinct representa 
tions is that the k-mers are tagged with a label indicating some 
behaviour of the system that is not directly observable, for 
example different conformations that a polymer may adopt 
during translocation through a nanopore or different dynam 
ics of translocation behaviour. 
0237 For a model 13 operating on the raw input signal 11 
without performing the state detection step S1, the method is 
applied directly to the input series of measurements in which 
groups of plural measurements are dependent on the same 
k-mer without a priori knowledge of the number of measure 
ments in a group. In this case, very similar techniques can be 
applied, but with a significant adjustment to the model 13 in 
that the sum of the transition probabilities away from any 
given origink-mer State is now much less than 1. For example, 
if on average the system spends 100 measurements at the 
same k-mer the probability on the diagonals in the transition 
matrix (representing no transition or a transition in which the 
origin k-mer and destination k-mer are the same k-mer)) will 
be 0.99 with 0.01 split between all the other preferred and 
non-preferred transitions. The set of preferred transitions may 
be similar to those for the state detection case. 
0238 Considering the emission weightings 15, FIGS. 17 
to 19 show emission distributions for the simulated coeffi 
cients that are, respectively, Gaussian, triangular and square 
distributions, although any arbitrary distribution (including 
non-parametric distributions) can be defined in this manner. 
0239. To demonstrate the robustness of these methods to 
noise, a noise perturbation is added to the simulated measure 
ments. In this example, a random noise, Sampled from a 
Gaussian distribution of standard deviation 5 p.A, is added to 
the expected k-mer measurements shown in FIG. 12. 
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0240 FIG. 20 shows the simulated measurements (series 
of measurements 12) compared to the expected measure 
ments shown in FIG. 12, illustrating the added noise which 
can be seen to be severe. 
0241 The model 13 is applied with an appropriate transi 
tion matrix of transition weightings, for example that shown 
in FIG. 16, and appropriate distribution for the emission 
weightings 15, in this case a Gaussian distribution. The For 
wards-Backwards algorithm is used as an analytical tech 
nique to estimate the most likely k-mer at each point in the 
series of measurements. The estimated k-mer calls are com 
pared against the known k-mer sequence, as shown in FIG. 
21. It can be seen that even in this severe case, the majority of 
states are estimated correctly. 
0242. The robustness to missing measurements associated 
with the k-mers in the sequence is now illustrated. In this case, 
a series of measurements 12 is simulated in which, in addition 
to adding noise to the expected k-mer measurements (in this 
example we use a less severe case of noise with 1 p.A standard 
deviation), k-mer measurements are also deleted at random 
from the data, in this case with a probability of deletion of 0.1. 
FIG. 22 shows the simulated measurements (series of mea 
Surements 12) compared to the expected measurements 
shown in FIG. 12. The missing k-mer states can be seen, 
circled, in FIG. 22. 
0243 Again, the model 13 of the expected k-mer measure 
ments is applied with an appropriate transition matrix of 
transition weightings, in this case with both those shown in 
FIGS. 15 and 16, and appropriate distribution for the emission 
weightings 15, in this case a Gaussian distribution. The For 
wards-Backwards algorithm is used as an analytical tech 
nique to estimate the most likely k-mer at each point in the 
series of measurements 12. 
0244. The estimated k-mer calls are compared against the 
known k-mer sequence, as shown in FIGS. 23 and 24 for the 
transition matrices of FIGS. 15 and 16, respectively. Here, the 
improvement in number of correctly called k-mers by allow 
ing skips in the model transitions can be seen in FIG. 24, as 
compared to FIG. 23. In the case where there is a missing 
k-mer measurement Surrounded by high confidence esti 
mates, the missing k-mer can be estimated from the Surround 
ing k-mers. In contrast for the case of skips not being permit 
ted missing data is accommodated by emission weightings 15 
having distributions that do not reach zero in order for the 
analysis to find a path through the series of k-mers. The 
non-Zero background in emission distributions is further dis 
cussed in the next section. 
0245. The robustness to outlying measurements associ 
ated with given k-mers in the sequence is now illustrated. In 
the previous illustration concerning missing measurements, 
where the transition weightings 14 did not permit skipped 
states (i.e. with the transition matrix of FIG. 15), it was 
required to use emission weightings 15 with distributions that 
did not reach Zero, to enable the analysis to find a path (albeit 
a very unlikely one) through the sequence of k-mers. The 
advantage of emission weightings 15 with non-zero values 
for all measurements is illustrated in the simple case of square 
emission distributions. This example uses the simulated 
series of measurements 12 shown in FIG. 20 in which noise 
with a standard deviation of 5 p.A is added. 
0246 Again, the model 13 of the expected k-mer measure 
ments is applied in this case with a transition matrix of tran 
sition weightings 14 in which non-preferred transitions are 
not permitted, as shown in FIG. 15, and with two different 
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distributions for the emission weightings 15. The Forwards 
Backwards algorithm is used as an analytical technique to 
estimate the most likely k-mer at each point in the series of 
measurements 12. 

0247. In a first case, the emission weightings 15 have a 
square distribution with a small non-zero background (in this 
case 1x10') as shown in FIG. 25, for which the estimated 
k-mer calls are compared against the known k-mer sequence 
in FIG. 26. 

0248. In a second case, the emission weightings 15 have a 
square distribution with a Zero background as shown in FIG. 
27, for which the estimated k-mer calls are compared against 
the known k-mer sequence in FIG. 28. 
0249. In the second case with a zero background in the 
distributions of the emission weightings 15, no paths through 
the k-mer sequence exist with emission distributions where 
the widths of those distributions are too narrow. For this 
example we have used emission distributions with a width of 
+1-14 p.A Such that the analysis can find paths through the 
measurements, as shown in FIG. 27. In this case, rather than 
a small number of paths existing, each with a high number of 
correct states, a large number of paths exist, containing many 
incorrectly called states. A set of k-mer calls for this example 
are shown in FIG. 28. 

(0250. In the first case where a small non-zero emission in 
the background is permitted as shown in FIG. 25, much more 
narrow distributions can be tolerated, enabling a higher num 
ber of k-mer states to be correctly estimated as shown in FIG. 
27 which provides better results than FIG. 28. 
0251 Additionally, this example illustrates the advantage 
of a probabilistic method by comparing the square distribu 
tion case to the Gaussian emissions used for the example 
shown in FIGS. 20 and 21 which provides a better results than 
the use of square distributions as shown in FIGS. 27 and 28. 
0252. There will now be discussed training of the model 
13, that is derivation of the emission weightings 15 for a given 
measurement system. 
0253. In contrast to the above simulations, in a real mea 
Surement system the individual measurements from each 
k-mer are not known in advance but can be derived from a 
training set. In general terms, this involves taking measure 
ments from known polymers and using training techniques 
that are of themselves conventional for a HMM. 

0254. In these training methods, there may be exploited a 
specific type of sequence, that is a deBruijn sequence being 
the minimum length sequence containing all k-mers for a 
given k. use of a deBruijn sequence is an efficient way to 
minimise the number of experiments required. 
0255. Two training methods are described for a measure 
ment system comprising a nanopore used to measure a poly 
nucleotide. The first method uses measurements from “static' 
DNA strands, held at aparticular position within the nanopore 
by a biotin/streptavidin system. The second method uses 
measurements from DNA strands translocated through the 
nanopore and estimates or “trains' the coefficients by exploit 
ing a similar probabilistic framework to that described for 
k-mer estimation. 

0256 The first static training method is performed as fol 
lows. 

0257 These experiments involved attaching a DNA strand 
to a streptavidin'anchor using a biotin molecule in a similar 
manner to those described by Stoddart D et al., Proc Natl 
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AcadSci, 12: 106(19):7702-7. In this system the value of k is such as 180 mV corresponding to those expected from a 
3. The DNA strand represents the k=3 deBruijn sequence moving strand were obtained, as listed in the Table below. 
(Seq ID: 3) using MS-(B2)8 in 400 mM KC1. The strand is 
captured in the nanopore under an applied potential and the 
current is recorded. The experiment can be repeated with a Seq ID 3 (k3 De Bruijn) : 
series of DNA strands where the sequence is advanced by one ATAAGAACATTATGATCAGTAGGAGCACTACGACCTTTGTTCTGGTGCT 
nucleotide, as listed in Table 1 below. In this way, measure- CGTCCGGGCGCCCAAAT 
ments of the current levels at a particular applied potential 

TABLE 1. 

Measurement 
Strand Sequence (pA) 

SDO 1. CTCTCTCTCTCCTCTCTCTCAAATAAGAACATTATGATCAGTAGG/3BioTEG/ 6.3.3 

SDO2 CTCTCTCTCTCCTCTCTCTCAATAAGAACATTATGATCAGTAGGA/3BioTEG/ 726 

SDO3 CTCTCTCTCTCCTCTCTCTCATAAGAACATTATGATCAGTAGGAG/3BioTEG/ 68.2 

SDO 4 CTCTCTCTCTCCTCTCTCTCTAAGAACATTATGATCAGTAGGAGC/3BioTEG/ 56.7 

SDOS CTCTCTCTCTCCTCTCTCTCAAGAACATTATGATCAGTAGGAGCA/3BioTEG/ 55.3 

SDO 6 CTCTCTCTCTCCTCTCTCTCAGAACATTATGATCAGTAGGAGCAC/3BioTEG/ 75. 6 

SDOf CTCTCTCTCTCCTCTCTCTCGAACATTATGATCAGTAGGAGCACT/3BioTEG/ 69. O 

SDO 8 CTCTCTCTCTCCTCTCTCTCAACATTATGATCAGTAGGAGCACTA/3BioTEG/ 64.5 

SDO 9 CTCTCTCTCTCCTCTCTCTCACATTATGATCAGTAGGAGCACTAC/3BioTEG/ 57.8 

SD10 CTCTCTCTCTCCTCTCTCTCCATTATGATCAGTAGGAGCACTACG/3BioTEG/ 64.3 

SD11 CTCTCTCTCTCCTCTCTCTCATTATGATCAGTAGGAGCACTACGA/3BioTEG/ 8 O. 4 

SD12 C CTCC CCTTATGATCAGTAGGAGCACTACGAC/3BioTEG/ 77.5 

SD13 C CTCC (CTATGATCAGTAGGAGCACTACGACCA3BioTEG/ 65.3 

SD14 C CTCC CCATGATCAGTAGGAGCACTACGACCT/3BioTEG/ 68.9 

SD15 C CTCC CCTGATCAGTAGGAGCACTACGACCTT/3BioTEG/ 67.1 

SD16 C CTCC CCGATCAGTAGGAGCACTACGACCTTT/3BioTEG/ 67.3 

SD17 C CTCC CCATCAGTAGGAGCACTACGACCTTTG/3BioTEG/ 66.6 

SD18 C CTCC CCTCAGTAGGAGCACTACGACCTTTGT/3BioTEG/ 777 

SD19 C CTCC (CCAGTAGGAGCACTACGACCTTTGTT/3BioTEG/ 67.3 

SD2O C CTCC CCAGTAGGAGCACTACGACCTTTGTTC/3BioTEG/ 71.6 

SD21 CTCTCTCTCTCCTCTCTCTCGTAGGAGCACTACGACCTTTGTTCT/3BioTEG/ 76.9 

SD22 TTTTTTTTTTTTTTTTTTTTTAGGAGCACTACGACCTTTGTTCTG/3BioTEG/ 58.2 

SD23 TTTTTTTTTTTTTTTTTTTTAGGAGCACTACGACCTTTGTTCTGG/3BioTEG/ 68.8 

SD24 CTCTCTCTCTCCTCTCTCTCGGAGCACTACGACCTTTGTTCTGGT/3BioTEG/ 57.7 

SD25 CTCTCTCTCTCCTCTCTCTCGAGCACTACGACCTTTGTTCTGGTG/3BioTEG/ 49.1 

SD26 CTCTCTCTCTCCTCTCTCTCAGCACTACGACCTTTGTTCTGGTGC/3BioTEG/ 5 O. 4 

SD27 CTCTCTCTCTCCTCTCTCTCGCACTACGACCTTTGTTCTGGTGCT/3BioTEG/ 65.8 

SD28 TTTTTTTTTTTTTTTTTTTTCACTACGACCTTTGTTCTGGTGCTC/3BioTEG/ 50.3 

SD29 TTTTTTTTTTTTTTTTTTTTACTACGACCTTTGTTCTGGTGCTCG/3BioTEG/ 53. O 

SD30 C CTCC CCCTACGACCTTTGTTCTGGTGCTCGT/3BioTEG/ 5.2. 6 

SD31 C CTCC (CTACGACCTTTGTTCTGGTGCTCGTC/3BioTEG/ 6 O. 4 

SD32 CTCTCTCTCTCCTCTCTCTCACGACCTTTGTTCTGGTGCTCGTCC/3BioTEG/ 69.9 
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TABLE 1 - continued 
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Measurement 

Strand Sequence (pA) 

SD33 CTCTCTCTCTCCTCTCTCTCCGACCTTTGTTCTGGTGCTCGTCCG/3BioTEG/ 59.5 

SD34 CTCTCTCTCTCCTCTCTCTCGACCTTTGTTCTGGTGCTCGTCCGG/3BioTEG/ Of 

SD35 CTCTCTCTCTCCTCTCTCTCACCTTTGTTCTGGTGCTCGTCCGGG/3BioTEG/ SO 5 

SD36 CTCTCTCTCTCCTCTCTCTCCCTTTGTTCTGGTGCTCGTCCGGGC/3BioTEG/ 57.1 

SD37 CTCTCTCTCTCCTCTCTCTCCTTTGTTCTGGTGCTCGTCCGGGCG/3BioTEG/ 67. 6 

SD38 CTCTCTCTCTCCTCTCTCTCTTTGTTCTGGTGCTCGTCCGGGCGC/3BioTEG/ 58.7 

SD39 CTCTCTCTCTCCTCTCTCTCTTGTTCTGGTGCTCGTCCGGGCGCC/3BioTEG/ 66.8 

SD40 CTCTCTCTCTCCTCTCTCTCTGTTCTGGTGCTCGTCCGGGCGCCC/3BioTEG/ 49. 6 

SD41 CTCTCTCTCTCCTCTCTCTCGTTCTGGTGCTCGTCCGGGCGCCCA/3BioTEG/ 58.7 

SD42 CTCTCTCTCTCCTCTCTCTCTTCTGGTGCTCGTCCGGGCGCCCAA/3BioTEG/ st 3 

SD43 CTCTCTCTCTCCTCTCTCTCTCTGGTGCTCGTCCGGGCGCCCAAA/3BioTEG/ 69. 4 

SD44 CTCTCTCTCTCCTCTCTCTCCTGGTGCTCGTCCGGGCGCCCAAAT/3BioTEG/ st ... O 

SD45 CTCTCTCTCTCCTCTCTCTCTGGTGCTCGTCCGGGCGCCCAAATA/3BioTEG/ 54 - O 

SD46 CTCTCTCTCTCCTCTCTCTCGGTGCTCGTCCGGGCGCCCAAATAA/3BioTEG/ 65.3 

SD47 CTCTCTCTCTCCTCTCTCTCGTGCTCGTCCGGGCGCCCAAATAAG/3BioTEG/ 66.2 

SD48 CTCTCTCTCTCCTCTCTCTCTGCTCGTCCGGGCGCCCAAATAAGA/3BioTEG/ 61.3 

SD49 CTCTCTCTCTCCTCTCTCTCGCTCGTCCGGGCGCCCAAATAAGAA/3BioTEG/ 7s. 

SDSO CTCTCTCTCTCCTCTCTCTCCTCGTCCGGGCGCCCAAATAAGAAC/3BioTEG/ 69. 4 

SD51 CTCTCTCTCTCCTCTCTCTCTCGTCCGGGCGCCCAAATAAGAACA/3BioTEG/ 74.5 

SD52 CTCTCTCTCTCCTCTCTCTCCGTCCGGGCGCCCAAATAAGAACAT/3BioTEG/ 71.6 

SD53 CTCTCTCTCTCCTCTCTCTCGTCCGGGCGCCCAAATAAGAACATT/3BioTEG/ 79.2 

SD54 CTCTCTCTCTCCTCTCTCTCTCCGGGCGCCCAAATAAGAACATTA/3BioTEG/ 58.5 

SD55 CTCTCTCTCTCCTCTCTCTCCCGGGCGCCCAAATAAGAACATTAT/3BioTEG/ 78.2 

SD56 CTCTCTCTCTCCTCTCTCTCCGGGCGCCCAAATAAGAACATTATG/3BioTEG/ 81.5 

SD57 CCCTCTCTCTCGGGCGCCCAAATAAGAACATTATGA/3BioTEG/ 847 

SD58 CCCTCTCTCTCGGCGCCCAAATAAGAACATTATGAT/3BioTEG/ 717 

SD59 CCCTCTCTCTCGCGCCCAAATAAGAACATTATGATC/3BioTEG/ 67.7 

SD6 O CCCTCTCTCTCCGCCCAAATAAGAACATTATGATCA/3BioTEG/ 59.7 

SD61 CCCTCTCTCTCGCCCAAATAAGAACATTATGATCAG/3BioTEG/ 65.6 

SD62 CCCTCTCTCTCCCCAAATAAGAACATTATGATCAGT/3BioTEG/ 66.5 

SD63 CCCTCTCTCTCCCAAATAAGAACATTATGATCAGTA/3BioTEG/ 63.8 

SD64 (CCAAATAAGAACATTATGATCAGTAG/3BioTEG/ 70. 6 

0258. The data from each individual strand was plotted tred on the measurements shown in FIG. 29. Gaussian distri 
sequentially to produce a map of the current states (a scatter 
plot) as shown in FIG. 29, wherein each point represents a 
DNA strand from SD01 (left), to SD64 (right)). The data is 
plotted as the deflection from a PolyT strand. 
0259. These measurements may be used to derive the 
emission weightings 15 as distributions for each k-mer cen 

butions may be used with a standard deviation obtained from 
the measurements shown in FIG. 29. The transition weight 
ings 14 may be selected manually. 
0260 The second dynamic training method is performed 
as follows. 
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0261 Static Strand training provides many advantages, 
however it can be laborious and also for some measurement 
systems might not accurately reflect the complete sequencing 
system. The model 13 can alternatively be trained by exploit 
ing a similar framework (and therefore similar algorithms) to 
those we use in analysis step S2. One Such implementation of 
this is now described, although many variations can be 
applied. Since the process described is an iterative one, it is 
useful to have a reasonable estimate of the parameters to 
begin with (in Bayesian terms, a prior). The 3-mer static 
coefficients provide a reasonable starting point for training 
higher k-mer models. 
0262 Since training is applied, a model is used with con 
siderably less flexibility than the state calling model. A major 
constraint can be applied since the sequence of the training 
Strand(s) is known. Rather than modelling the allowed tran 
sitions between all k-mers, only those transitions allowed by 
our training sequence are modelled. To further constrain the 
training, each position in the training Strand is modelled inde 
pendently and only transitions to the immediately following 
states are preferred. Hence we could call this a “forced path’ 
model. 
0263. Given a polymer of approx. 400 units, for example, 
a separate state index for each position in that polymer can be 
defined. A transition matrix is then constructed that allows 
transitions within the polymer, as shown in FIGS.30 and 31, 
FIG. 30 showing a transition matrix for 408 k-mer states and 
FIG. 31 showing a close-up of the first 10 transition weight 
ings. 
0264. As with the k-mer estimation transition matrix of 
transition weightings 14 in the model 13 described above, 
flexibility can be added to allow for the fact that this is a 
real-world System. In this example, the absence of a transition 
(or a transition in which the origin state index and destination 
state index are the same state) is permitted, and a missed 
measurement is accommodated by using non-Zero probabili 
ties for non-preferred transitions that skip a state. An advan 
tage of the probabilistic (or weighted) framework is that 
known artefacts of the measurement system can be specifi 
cally handled in the transition weightings and/or the emission 
Weightings. 
0265. The training of the emission weightings is now 
described. The distributions of the emission weightings can 
be similar to those used for the analysis step S2 described 
above. However since, in this example, each position in the 
polymer is dealt with separately an emission distribution is 
defined for each position. FIG. 32 shows an example of a 64 
k-mer model derived from a static training process as 
described above. FIG.33 shows an example of the 64 k-mer 
model of FIG.32 translated into a sequence of approximately 
400 states. As described previously, outlier data can be 
accommodated within the distributions of the emission 
weightings having a non-Zero probability for all possible 
measurement values. 
0266 The training process is shown in FIG.34 and is now 
described. The training process is iterative and first uses the 
initial estimate of the model 20, as described above, as an 
estimate of the model 21. The training process also uses the 
measurements 22. 

0267 Given the estimate of the model 21 and the measure 
ments 22, in step S3 it is calculated how the measurements 22 
fit to the model by applying any one of a range of known 
algorithms. In the case of an HMM, one suitable algorithm is 
the Forwards-Backwards algorithm. 
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0268. In step S4, the data fit to the model calculated in step 
S3 is then used to estimate what the underlying state emission 
distribution would be under that fit and to re-estimate the 
k-mer state centres, thereby to update the estimate of the 
model 21. 
0269. In step S5, it is determined if the training process has 
converged, i.e. if the updated estimate of the model 21 from 
step S4 has not changed significantly from the previous itera 
tion. If not converged, the process is iterated using the 
updated estimate of the model 21. 
0270. Such iterations occur until convergence is deter 
mined in step S5. At this point, the updated estimate of the 
model 21 has converged to a description of the measurements 
22 and is output as the output model 23. 
0271 Whilst this is one possible implementation of a 
machine learning algorithm for the training process, other 
machine learning methods as are known in the art could be 
used. 
0272. There will now be described an example of the 
analysis method of FIG. 6 being applied to the experimentally 
determined input signal 11 of FIG.9. As described above, the 
series of measurements 12 derived by the state detection step 
S1 are shown in FIG. 10. 
0273. The polymer is a polynucleotide and the k-mer 
model used to describe the measurements is a 3-mer. 
0274 The model 13 comprises transition weightings 14 as 
shown in FIG. 16 and described above. 
0275. The model comprises emission weightings 15 deter 
mined using the training process of FIG. 34 as described 
above. FIG. 35 shows the resultant emission weightings 15 
which are Gaussian distributions having a small non-zero 
background. 
0276 FIG. 36 shows an overlay of current measurements 
from a section of state data, aggregated over several experi 
ments, with the expected measurements from the model 13. 
0277 FIG. 37 shows the state space alignment of the 
known sequence (reference) and the estimated sequence of 
k-mer States estimated by the analysis step S2 (calls). Cor 
rectly estimated k-mer states are shown as large points. As can 
be seen, a good estimation of k-mer states is provided. 
0278 FIG.38 shows the estimated sequence 16 of nucle 
otides estimated by the analysis step S2 and shown aligned 
with the actual sequence. Correct k-mer state estimates are 
illustrated as a # (since we have related k-mer state directly 
to base, this can be shown). Correct base estimates but incor 
rect k-mer state estimates are illustrated as a “*”. 
0279. The above description relates to the case that the 
method is based on a single input signal 11 and a single series 
of measurements 12. 
0280 Alternatively, the first aspect of the present inven 
tion may use plural series of measurements each related to the 
same polymer. In this context, the “same' polymer is a poly 
mer having the same identity or composition, being physi 
cally the same polymer or being physically a different poly 
mer having the same identity. The plural series of 
measurements may be made on the same polymer or may be 
made on different polymers having related sequences. 
0281. The plural series of measurements may each be 
made by the same technique or may be made by different 
techniques. The plural series of measurements may be made 
using the same or different measurement systems. 
0282. The plural series of measurements may be of differ 
ent types made concurrently on the same region of the same 
polymer, for example being a trans-membrane current mea 
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Surement and a FET measurement made at the same time, or 
being an optical measurement and an electrical measurement 
made at the same time (Heron A J et al., JAm ChemSoc. 
2009; 131(5):1652-3). Multiple measurements can be made 
one after the other by translocating a given polymer or regions 
thereof through the pore more than once. These measure 
ments can be the same measurement or different measure 
ments and conducted under the same conditions, or under 
different conditions. 
0283. The plural series of measurements may be made on 
regions of polymers that are related. In this case, the series of 
measurements may be measurements of separate polymers 
having related sequences, or may be measurements of differ 
ent regions of the same polymer having related sequences. As 
an example of the latter, there may be used techniques pro 
posed for polynucleotides, where the relation is that 
sequences are complementary. In this case the sense and the 
antisense strand may be read sequentially using a polynucle 
otide binding protein or via polynucleotide sample prepara 
tion. Any method presented in Provisional Application 
61/511,436 or WO-2010/086622 may be used to allow the 
sense and antisense Strand to be read. 
0284 As an example of this, the method illustrated in FIG. 
6 may be applied to plural input signals 11 that may be 
processed in the state detection step S1 to provide plural 
series of measurements 12. In this case, each input signal 11 
and series of measurements 12 is related to said polymer, 
either by being measurements of the same region of the same 
polymer or by being measurements of different but related 
regions of the same or different polymers (e.g. a DNA strand 
and the complementary DNA strand), as described in detail 
above. 
0285. In this case, the analysis method is fundamentally 
the same, but the measurements from respective series of 
measurements 12 are treated by the analytical technique in 
step S2 as arranged in plural, respective dimensions. 
0286 This provides considerable advantage over process 
ing each input signal 11 and series of measurements 12 sepa 
rately in analysis step S2. By combining the information from 
the series of measurements 12 at this early stage in the analy 
sis, it is possible to make a more accurate estimation of the 
underlying polymer units. The combination of information 
earlier in the analysis process enables a more accurate output 
than independent treatment of the series of measurements 12 
and combination at the end of the analysis process. This may 
beachieved without any requirement that the series of mea 
Surements 12 are related, other than through the underlying 
polymer relation. The probabilistic or other analytical tech 
nique also enables the analysis to estimate registration or 
alignment of the related series of measurements 12. It is 
important to note that the registration of any series of mea 
Surements to any other might or might not be known a priori. 
In cases where there is no registration, then each measure 
ment within a series is not a priori paired with a measurement 
from another series. 
0287. Mathematically speaking, the extension of the 
analysis step S2 to treat the series of measurements 12 as 
arranged in two respective dimensions is straightforward. The 
emission weightings 15 occur in plural dimensions, one 
dimension for each series of measurements 12. In the case 
that the method is performed on plural series of measure 
ments 12 that are registered, so that it is known a priori which 
measurements from the respective series correspond and are 
dependent on the same k-mer, the model 13 may be applied 
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using the emission weightings 15 as a probability density 
function in plural dimensions which describes the distribu 
tion of the plural measurements for each k-mer state. 
0288. In contrast, in the case that the method is performed 
on plural series that are not registered so that it is not known 
a priori which measurements from the respective series cor 
respond and are dependent on the same k-mer, the method 
treats the plural series of measurements as a whole as 
arranged in plural, respective dimensions, as follows. 
0289 Each dimension of the emission distribution is aug 
mented with a skip state, with multidimensional weights rep 
resenting their chance of occurrence. Where skips occur in 
individual series, the emission distribution is taken to emit a 
"skip' signal state rather than a measurement value in the 
corresponding dimension. These "skip' States are not observ 
able, and the unknown number and location of these states 
causes registration problems. The analysis step S2 is per 
formed based on the likelihood of the plural series of mea 
surements 12 being derived from different sequences of 
k-mers and polymer units and with different registrations 
between those measurements, the chance of each registration 
being implicit in the emission distribution. 
0290. In both the registered and unregistered cases, where 
the plural series of measurements 12 are equivalent measure 
ments of the same property (e.g. for repeated measurement of 
the same polymer) the emission weightings 15 in respect of 
each series 12 may be identical. Where the plural series of 
measurements 12 are measurements of the different proper 
ties (e.g. for different measurement of the same polymer, or 
for measurements of different, but related regions of a poly 
mer) the emission weightings 15 in respect of each series 12 
may be different. 
0291 Considering graphical model Babove, conceptually 
the model is the same except that X, now represents a vector 
of values rather than a single value. In the case of an HMM, 
rather than a state emitting values from a one-dimensional 
probability density function g(), values are emitted from a 
plural dimensional density function, for example in the case 
of measurements of a sense and antisense strand, X, emits a 
current pair (X,x) where X, is the current read from the 
sense Strand and X, is the reading from the antisense Strand 
for the complementary k-mer. This emitted current pair may 
contain unobserved skip states as well as real current mea 
Surements. Just as in the basic one-dimensional case, outliers 
and missing data, or skipped states, can be modelled. 
0292 Advantageously, skips in one of the polymers may 
be bridged using information from the related polymer. For 
example, with sense-antisense data, a skip may be emitted in 
sense but not antisense (or Vice-versa) by allowing the two 
dimensional density g() to emit a skip in one dimension with 
non-zero probability while sampling a current from the other 
dimension, so X may emit current pairs of the form (XX), 
(X-) or (-X) where - represents an unobserved skip. In 
addition skips in both polymers can also be modelled and 
corrected for as in the 1D case. Here, “stays' in one series of 
measurements may also be modelled by emitting skip States 
for the others. 
0293 All the advantages from the one dimensional HMM 
transfer to this plural dimensional HMM. There is similarly 
an advantage over running two separate one-dimensional 
HMMs and then aligning in base space through alignment 
techniques. 
0294 Merely by way of example an application of the 
Viterbialgorithm to measurements arranged in plural dimen 
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sions will be discussed. The Viterbialgorithm is well known 
in the art. For a one-dimensional HMM, the likelihood L (k) 
of the most likely path ending in each possible k-mer K is 
calculated for each state i moving forwards through the state 
sequence from the first to the last state (i-1 ... n). All such 
paths must be considered because of the lack of registration 
between the plural series of measurements. The values L(K) 
can be calculated using only the values L. (..) from the imme 
diately preceding State along with the transition and emission 
probabilities, forming a recursion. In an m-dimensional 
HMM, a similar scheme may be used. If skips are to be 
incorporated, then we have mindices, so L2. (K) is the 
maximum likelihood describing state il in dimension 1, State 
i2 in dimension 2 and so on. It may be calculated recursively 
by looking at all possible quantities L., . . . .(K) where 
j1-il if a skip is emitted in dimension 1 or (i1-1) if a state is 
emitted in dimension 1—similarly for 2, 3 etc. 
0295) This analysis method may be applied where each 
input signal 11 and series of measurements 12 are measure 
ments of the same region of the same polymer. For example, 
in a system where the polymer, or regions of the polymer, are 
re-read, these readings can be combined and the registration 
or alignment estimated to make a more accurate determina 
tion of the underlying k-mer state. The method also allows 
measurements made under different conditions or by differ 
ent methods to be combined. 
0296. As discussed above multiple measurements may 
also be made concurrently, for example, where the multiple 
series of measurements comprise multiple electrical mea 
Surements or an electrical and an optical measurement. These 
readings can be combined and/or the registration or align 
ment estimated to make a more accurate estimation of the 
underlying polymer sequence. 
0297 Alternatively, plural series of measurements 12 are 
aggregated to provide a Summary series of measurements, 
that is used by the analysis step S2 as one-dimensional mea 
surements. Where there are multiple measurement series of 
m different types, aggregation may be applied to all series of 
the same type, and an m-dimensional HMM employed on the 
summary state series'. Alternatively, where there are multiple 
series', a one-dimensional HMM may be run on each series, 
or on each Summary measurement series, and a consensus call 
made based on the output from these analyses. 
0298. This analysis method may also be applied to input 
signals 11 and series of measurements 12 that comprise two 
series of measurements, wherein the first series of measure 
ments are measurements of a first region of a polymer and the 
second series of measurements are measurements of a second 
region of a polymer that is related to said first region, for 
example complementary regions of the same or different 
polymers. 
0299. This technique has particular application to a 
complementary pair of DNA sequences, that is the “sense' 
Strand and its complementary “antisense' strand. 
0300. The advantage of a two dimensional approach over 
two separate one-dimensional HMMs and then aligning in 
base space through alignment techniques will now be illus 
trated. 
0301 As a simplistic illustration, it is supposed that 
Pr(AAACAAA)=0.6, Pr(AAAGAAA)=0.39, 
Pr(AAAAAAA)=0.01 from an HMM on the sense strand, 
and that Pr(TTTTTTT)=0.6, Pr(TTTCTTT)=0.39, 
Pr(TTTGTTT)=0.01 from an HMM on the antisense strand. 
If the most likely sequences for sense and antisense are taken 
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and attempted to be aligned as a sense-antisense pair, then a 
clash is obtained at the middle base of the sequence. A 2-di 
mensional HMM would find that by far the most likely con 
sistent pair of sequences was (AAAGAAA.TTTCTTT), and 
would assign low probabilities to the sequence pairs (AAA 
CAAATTTGTTT) and (AAAAAAA,TTTTTTT). 
0302) While in this simplistic illustration, the second most 
likely sequences may be considered by each one-dimensional 
HMM to resolve the problem, it quickly becomes unrealistic 
to look through all necessary polymer unit estimations for 
longer sequences. Also, Some methods for estimating poly 
mer units (for instance Viterbi) only emit the most probable 
path, making combination of less likely sequences after esti 
mating polymer units impossible. 
0303 A specific detailed example of the sense-antisense 
case using the Viterbialgorithm is now explained to demon 
strate the improvement. 
0304. In the case of sense-antisense, the m-dimensional 
case described above is used for m=2 and L(K) is calculated 
using the values L. (..), L. (..) and L () depending on 
whether a state is emitted by sense only, by antisense only, or 
by both. 
(0305 FIG. 39 illustrates an example in which independent 
calls of the most likely sense and antisense sequences are 
made using a 3-mer model and an HMM. A joint sense 
antisense call is made using a two-dimensional Viterbialgo 
rithm as described above. The joint call is correct with a very 
few exceptions, and in particular calls bases correctly that are 
called incorrectly in both the sense and antisense calls. Cor 
rect3-mer state estimates are shown with a #, correct bases 
with a *. It can be seen in this illustration that combining the 
best regions of the independent sense and antisense reads 
does not account for the number of correct calls in the sense 
antisense result. The combination of data early in the analysis 
process, combined with a probabilistic approach leads to a 
“more than the sum of the parts' result. 
0306 Although this multi-dimensional example is for the 
case of sense-antisense DNA where the information added is 
that one strand is complementary to another, other relations 
between regions of polymers may be coded for in the multi 
dimensional approach. An example of another type of infor 
mation that could be coded for is structural information in 
polymers. This information may exist in RNA, which is 
known to form functional structures. This information may 
also exist in polypeptides (proteins). In the case of proteins 
the structural information may be related to hydrophobic or 
hydrophilic regions. The information may also be about alpha 
helical, beta sheet or other secondary structures. The infor 
mation may be about known functional motifs such as bind 
ing sites, catalytic sites and other motifs. 
0307 There will now be discussed a method of making 
measurements of a polymer in accordance with the second 
aspect and third aspect of the invention. As discussed in more 
detail below, this may optionally be combined with the 
method described above in accordance with the first aspect of 
the invention. 
0308. In this method, the measurements are measurements 
of the ion current flowing through the nanopore. In this 
method, a polymer is translocated through a nanopore while 
a Voltage is applied across the nanopore. The measurements 
are dependent on the identify of the k-mer in the nanopore. 
The measurements are made under the application of differ 
ent levels of Voltage across the nanopore. It has been appre 
ciated by the present inventors that such measurements pro 
vide additional information, rather than being merely 
duplicative. Some specific demonstrations of this advantage 
will now be described. 
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0309. A first example illustrates the resolution of ion 
current measurements of polymers that are strands of DNA 
held Static in a measurement system under an applied poten 
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sequences where the adjusted current level showed a similar 
magnitude (54.5+0.5 p.A) when measured at a voltage of +180 
mV: 

Code Sequence 

TSO1 TTTTTTTTTTTTTTTTTTT 

SD90 CTCTCTCTCTCCTCTCT 

SDgs TTTTTTTTTTTTTTTTT 

SD81 CTCTCTCTCTCCTCTCT 

SD59 CTCTCTCTCTCCTCTCT 

SD52 CTCTCTCTCTCCTCTCT 

SD18 CTCTCTCTCTCCTCTCT 

SD1s CTCTCTCTCTCCTCTCT 

SDO3 CTCTCTCTCTCCTCTCT 

S142 CTCTCTCTCTCCTCTCT 

S117 CT TCTCTCCTCTCT 

S116 CT TCTCTCCTCTCT 

TABLE 2 

Current 
Triplet (pA) 

TTTTTTTTTTTTTTTTTTTTTTTTTT/3BioTEG/ Control 28.5- 
33.3 

TCGACGAGCACCAGAACAAAGGTCGTA/3BioTEGA ACA 54.6 

TTGCCCGGACGAGCACCAGAACAAAGG/3BioTEGA CCA 55 ... O 

TCGGGCGCCCGGACGAGCACCAGAACAA3BioTEGA AGC 54.9 

TCGCGCCCAAATAAGAACATTATGATC/3BioTEG/ AAC 54 - O 

TCCGTCCGGGCGCCCAAATAAGAACAT/3BioTEG/ AAA 54.7 

TCTCAGTAGGAGCACTACGACCTTTGT/3BioTEG/ TAC 54.2 

TCTGATCAGTAGGAGCACTACGACCTT/3BioTEG/ CAC 54.6 

TCATAAGAACATTATGATCAGTAGGAG/3BioTEG/ GAT 5 4 3 

TCTTTGGGCGCCCGGACGAGCACCAGA/3BioTEG/ ACG 54.7 

TCGCTCCTACTGATCATAATGTTCTTA/3BioTEG/ ATA 54 - 1 

TCTGCTCCTACTGATCATAATGTTCTT/3BioTEG/ CAT 5 4 3 

tial. In this example, DNA sequences that are similar in cur 
rent to each other at a first, normal level of voltage were 
resolved by recording at a second level of Voltage. 
0310 DNA strands held in a nanopore using a streptavidin 
anchor similar to methods previously reported in Proc Natl 
Acad Sci USA. 2009 May 12: 106(19):7702-7. Runs were 
collected where individual strands of DNA were measured in 
a single MS-(B1), nanopore embedded in a DPhPC bilayer 
using methods known in the art. A Voltage was applied across 
the nanopore and a current was generated from the movement 
of ions in a salt solution on either side of the nanopore. 
0311 Run conditions were: 400 mM KC1, 10 mM Hepes, 
pH 8.0, +180 mV. A control sequence (TS01) was incubated 
with streptavidin in a 2:1 ratio and added to the chamber to 
give a final concentration of 200 nM DNA. The analyte 
sequence was added to the chamberina 2:1 ratio with Strepta 
vidin to yield a final analyte DNA concentration of 400 nM. In 
both cases, the biotinylated DNA and the streptavidin were 
incubated for 5 minutes prior to addition into the chamber. 
Single channel recordings were performed using an auto 
mated procedure to change the applied potential between 
+180 mV (2 seconds) and -180 mV (0.2 seconds). The posi 
tive applied potential was used to capture and read the DNA 
level, whereas the negative potential was used to eject the 
streptavidin-DNA complex from the nanopore. 
0312 The mean current levels for each DNA binding 
event (state) were studied as follows. 
0313 The populations from the TS01 control and the ana 
lyte sequence were recorded. The analyte sequence current 
level was adjusted by using the following relationship: 

DNA Adjusted DNA Recorded Tsots2.2 P4 

This process was repeated for a range of different DNA 
sequences. By way of example, Table 2 sets out selected 

0314. In a subsequent experiment, the same strands of 
DNA were all placed in a chamber containing a single MS 
(B1) nanopore embedded in a lipid membrane. Conditions 
were similar to those above: 400 mMKC1, 10 mM Hepes, pH 
8.0, +180 mV. All analyte sequences were added to the cham 
ber in a 2:1 ratio with streptavidin with a final concentration 
of 200 nM DNA for each analyte DNA. TS01 was not added 
in this experiment. The biotinylated DNA and the streptavidin 
were incubated for 5 minutes prior to addition into the cham 
ber. 

0315) To investigate the effect of applied potential on the 
DNA discrimination, the voltage was varied in this experi 
ment. Single channel recordings were performed using an 
automated procedure to change the applied potential between 
+X (2 seconds) and -X (0.2 seconds), where X is 140 mV. 180 
mV and 220 mV. Single channel data was recorded for 
approximately 30 minutes for each value of X. 
0316 The mean current level for each DNA binding event 
(state) was recorded and plotted in are plotted in a set of 
histograms shown in FIG. 40 in respect of the positive poten 
tials of +140 mV. +180 mV and +220 mV, respectively. Con 
sidering these results, it is clear that the data at +180 mV is 
behaving as expected with all of the eleven strands in Table 
1.1 yielding a very similar current level. At +220 mV, there is 
abroadening or spread of the current level histogram Suggest 
ing that there has been a separation of levels. At +140 mV. 
there is also a broadening or spread and similarly the current 
levels have clearly resolved into a number of distinct popu 
lations. These results suggest that it would be possible to 
discriminate a number of the DNA strands from each other at 
+140 mV where it was not possible at +180 mV. Although for 
experimental ease this is an example performed with Strands 
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that are static in the nanopore, since the different DNA strand 
provide different k-mers at the relevant location in the nan 
opore to affect the ion current, it is expected that similar 
separation between ion currents generated by different 
k-mers of a DNA strand translocated dynamically through the 
pore. 

0317. A second example illustrates the separation of ion 
current measurements of polymers that are strands of DNA 
held Static in a measurement system under an applied poten 
tial. In this example, measurements of ion current at different 
levels of voltage are shown to resolve different k-mers. 
0318. In the second example, to determine the effect of 
applied potential on the current levels of a given Strand, a 
DNA sequence was chosen to contain all possible triplets (De 
Bruijn, GTAC, k3, Seq ID 5). 

Jun. 9, 2016 

Seq ID 5 (k3 De Bruijn) : 
ATAAGAACATTATGATCAGTAGGAGCACTACGACCTTTGTTCTGGTGCT 
CGTCCGGGCGCCCAAAT 

0319. To evaluate the effects of the current levels without 
any possible complication from Strand movement, a series of 
different DNA strands were designed. These each contained a 
biotin-TEG linker at the 3' end, a portion of the k3 De Bruijn 
sequence (35 nucleotides long), and a section with low sec 
ondary structure to aid threading of the DNA into the nanop 
ore (10 nucleotides in length). The sequence of the section 
containing the k3 De Bruijn was varied so that the sequence 
was shifted by one nucleotide per strand. The leader section 
was chosen so that it did not hybridise to the De Bruijn 
section. These codes and corresponding sequences are listed 
in Table 3. 

TABLE 3 

Current (pA) at varying 
applied potential 

18O 14 O 1 OO 6 O 
Strand Sequence mW mW mW mW 

SDO 1. CTCTCTCTCTCCTCTCTCTCAAATAAGAACATTATGATCAGTAGG/3BioTEG/ 6.3.3 36.2 7.2 7.8 

SDO2 CTCTCTCTCTCCTCTCTCTCAATAAGAACATTATGATCAGTAGGA/3BioTEG/ 726 41.3 2 O. 1 4.9 

SDO3 CTCTCTCTCTCCTCTCTCTCATAAGAACATTATGATCAGTAGGAG/3BioTEG/ 68.2 37.3 8.2 7... O 

SDO 4 CTCTCTCTCTCCTCTCTCTCTAAGAACATTATGATCAGTAGGAGC/3BioTEG/ 56.7 34 .. 6 8. O 8.5 

SDOS CTCTCTCTCTCCTCTCTCTCAAGAACATTATGATCAGTAGGAGCA/3BioTEG/ 55.3 3O4. 5.8 6.4 

SDO 6 CTCTCTCTCTCCTCTCTCTCAGAACATTATGATCAGTAGGAGCAC/3BioTEG/ 75 6 40.5 8.7 7.5 

SDOf CTCTCTCTCTCCTCTCTCTCGAACATTATGATCAGTAGGAGCACT/3BioTEG/ 69. O 4 O. 6 9.9 8. O 

SDO 8 CTCTCTCTCTCCTCTCTCTCAACATTATGATCAGTAGGAGCACTA/3BioTEG/ 64.5 40.5 21.2 7.5 

SDO 9 CTCTCTCTCTCCTCTCTCTCACATTATGATCAGTAGGAGCACTAC/3BioTEG/ 57.8 31.9 7.6 7.6 

SD10 CTCTCTCTCTCCTCTCTCTCCATTATGATCAGTAGGAGCACTACG/3BioTEG/ 64.3 35.7 7... O 7.6 

SD11 CTCTCTCTCTCCTCTCTCTCATTATGATCAGTAGGAGCACTACGA/3BioTEG/ 8O. 4 47 ... O 22.5 6.3 

SD12 CTCTCTCTCTCCTCTCTCTCTTATGATCAGTAGGAGCACTACGAC/3BioTEG/ 77.5 47 ... O 24.8 

SD13 CTCTCTCTCTCCTCTCTCTCTATGATCAGTAGGAGCACTACGACCA3BioTEG/ 65.3 41.2 23.2 1.O.2 

SD14 CTCTCTCTCTCCTCTCTCTCATGATCAGTAGGAGCACTACGACCT/3BioTEG/ 68.9 4 O. O. 21.6 8.8 

SD15 CTCTCTCTCTCCTCTCTCTCTGATCAGTAGGAGCACTACGACCTT/3BioTEG/ 67.1 39.8 21. 4. 1.O.. 4 

SD16 CTCTCTCTCTCCTCTCTCTCGATCAGTAGGAGCACTACGACCTTT/3BioTEG/ 67.3 38.8 2O. 9 10.5 

SD17 CTCTCTCTCTCCTCTCTCTCATCAGTAGGAGCACTACGACCTTTG/3BioTEG/ 66.6 39.3 21. O 1.O.. O 

SD18 CTCTCTCTCTCCTCTCTCTCTCAGTAGGAGCACTACGACCTTTGT/3BioTEG/ 777 44.7 22. 1 7... O 

SD19 CTCTCTCTCTCCTCTCTCTCCAGTAGGAGCACTACGACCTTTGTT/3BioTEG/ 67.3 37.7 19. O 8.5 

SD2O CTCTCTCTCTCCTCTCTCTCAGTAGGAGCACTACGACCTTTGTTC/3BioTEG/ 71.6 41.3 2O. O 7.8 

SD21 CC (CGTAGGAGCACTACGACCTTTGTTCT/3BioTEG/ 76.9 47.3 24.6 7. 9 

SD22 TT CTTAGGAGCACTACGACCTTTGTTCTG/3BioTEG/ 58.2 33.4 18. O 6.9 

SD23 TT TAGGAGCACTACGACCTTTGTTCTGG/3BioTEG/ 68.8 37.5 18, 6 8.1 

SD24 CC (CGGAGCACTACGACCTTTGTTCTGGT/3BioTEG/ 57.7 34 .. 4 17.1 7.4 

SD25 CC CCGAGCACTACGACCTTTGTTCTGGTG/3BioTEG/ 49.1 28.8 17.2 8.1 
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TABLE 3 - continued 

Current (pA) at varying 
applied potential 

18O 14 O 1OO 60 
Strand Sequence mW mW mW mW 

SD62 CTCTCTCTCTCCTCTCTCTCCCCAAATAAGAACATTATGATCAGT/3BioTEG/ 66.5 39.8. 21.3 9.2 

SD63 CTCTCTCTCTCCTCTCTCTCCCAAATAAGAACATTATGATCAGTA/3BioTEG/ 63.8 36.7 19.3 6.5 

SD64 CTCTCTCTCTCCTCTCTCTCCAAATAAGAACATTATGATCAGTAG/3BioTEG/ 70. 6 38. O 17.4 6.1 

0320. The current levels of the strands showed in Table 3 standard deviation of measurements of individual states. 
were acquired using a similar approach to that described in 
the first example. The TS01 strand was added to the chamber 
as an internal control and the current levels were calibrated 
against this control. There were two main differences 
between the methods used in this experiment and those used 
in the first example. The first difference was that the nanopore 
was changed to the MS-(B1-L88N)s mutant. The second dif 
ference was the Voltage scheme applied. This was chosen so 
that the current was recorded at four different applied poten 
tials sequentially. As the rate that the nanopore captures DNA 
is dependent on the applied potential, the largest potential was 
recorded first. The voltage scheme chosen was: +180 mV (2.2 
s), +140 mV (0.4s), +100 mV (0.4s), +60 mV (0.4s), -180 
mV (0.8s). 
0321 FIG. 41 shows, in the lower trace, an example of the 
applied Voltage and, in the upper trace, the resultant measured 
ion current for the SD01 strand over the same time scale. As 
can be seen in this example of FIG. 41, a binding event occurs 
during the initial period of +180 mV resulting in a drop in the 
ion current. As the potential is lowered in Subsequent periods 
the observed ion current reduces. In the final period, the 
reversed voltage ejects the DNA strand. 
0322. A similar pattern is observed for all of the DNA 
strands SD01-SD54, the measured ion current levels at each 
voltage being listed in Table 3. 
0323 To provide a graphical representation of this data, 
FIGS. 42 to 45 are scatter plots of the measured current for 
each of the DNA strands sequentially indexed horizontally, at 
the four levels of voltage, respectively. As can be seen, the 
shape of the scatter plots change as the potential is varied. 
That implies that measurements at different voltages will 
provide additional information, for example by the measure 
ment at one Voltage providing resolution between two states 
that cannot be resolved at another Voltage. 
0324. To provide an alternative representation of the same 
data, FIG. 46 is a graph of the measured current of each strand 
against the applied Voltages. The data consists of a point for 
each strand at each Voltage, the points for each strand being 
joined by lines in the graph to show the trend for each strand. 
This representation in FIG. 46 illustrates two main features of 
the variation. 

0325 The first feature is that with increasing voltage over 
all there is an increase in the spread of measured current for 
the different stands. This overall trend is of general interest. It 
may be indicative of a change in the resolution between states 
that would affect the optimal choice of voltage, but that is 
dependent on the separation between states and also on the 

However, the overall trend is not what demonstrates the ben 
efit of using plural Voltages. 
0326. The second feature is that the measured current for 
individual strands show a behaviour with different dependen 
cies on the applied Voltage. Thus, even though the overall 
trend is a divergence with increasing Voltages, the current 
measurements for each and every Strand do not show the same 
trend. The measurements for strands do not mutually diverge, 
but instead there is variation for individual strands. Instead, 
whilst Some strands exhibit a generally linear change with 
Voltage, other strands exhibit a non-linear or fluctuating 
change, in some cases with points of inflection. The lines in 
respect of some strands converge, against the overall diverg 
ing trend. The reasons for this observation are not critical, but 
it is Surmised that they caused by physical and/or biological 
changes in the measurement system under the application of 
different Voltages, perhaps by conformational changes of the 
DNA in the nanopore. 
0327. This second feature demonstrates that measure 
ments at more than one Voltage provide additional informa 
tion, rather than being merely duplicative. The ion current 
measurements at different voltages allow resolution of differ 
ent states. For example, Some states that cannot be resolved at 
one Voltage can be resolved at another Voltage. 
0328. Some additional observations on the second 
example examine the effect of changing the Voltage on the on 
the standard deviation (or variance) of the states. The variance 
of these states may cause a problem when the variance of the 
current is on a similar timescale to the controlled movement 
of a DNA strand (such as enzyme controlled DNA transloca 
tion). In this regime, it becomes difficult to determine if a 
change in current level is due to variance within each state or 
a net movement of the DNA. For this reason, the data col 
lected in second example was collected using strands held on 
top of the nanopore by Streptavidin, rather than using an 
enzyme to control translocation. It is therefore desirable to 
have a system where the variance on a current level can be 
changed to delineate if the current change arose from a strand 
movement or an inherent property of that current state. 
0329. To assess the effect of applied potential on the state 
variance, the results of the second example were analysed to 
derive the average standard deviation for each of the DNA 
sequences in Table 3. FIG. 47 is a graph of the standard 
deviation of each strand against the applied Voltages. The data 
consists of a point for each strand at each Voltage, the points 
for each Strand being joined by lines in the graph to show the 
trend for each strand. It is clear from FIG. 47 that the variance 
of the current level does change with applied potential. For 
the majority of Strands, the variance increase with increased 
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applied potential but rises steeply from +180 mV to +220 mV. 
It is Surmised that this change has a similar cause to the 
variation in current with Voltage mentioned above. 
0330. A method of making the ion current measurements 
at more than one Voltage that embodies the second aspect and 
third aspect of the present invention is illustrated in FIG. 48. 
In this method, the applied potential is modulated while the 
DNA is moving through the nanopore. 
0331. In step S6, the polymer is translocated through a 
nanopore under the application of a Voltage across the nan 
opore. 

0332. In step S7, during translocation, the level of the 
Voltage is changed in a cycle. The cycle may include two or 
more Voltage levels. The Voltage levels may repeatin a regular 
or irregular pattern. The cycle, including its period, is selected 
to be shorter than the individual observed states, i.e. the states 
in which the polymer is different positions so that the mea 
sured current is dependent on different k-mers. Thus, it is 
observed that during each state, when the level of the voltage 
is the same, e.g. in repeated cycles, the ion current flowing 
through the nanopore is the same. In other words, the ion 
current is cycled with the applied Voltage. 
0333. In step S8, the ion current flowing through the nan 
opore under the application of the different levels of voltage is 
measured for each respective state. 
0334. A third example with is an example of this method 
was performed as follows. An analyte DNA strand was cho 
sen to contain the sequence that had been characterised with 
the streptavidin system in the second example above. The 
analyte DNA strand also contained a low secondary structure 
sequence at the 5' overhang to allow threading into the nan 
opore. A complementary Strand was hybridised to the analyte 
Strand. The complementary Strand also contained a short 5' 
overhang where a short oligo containing a cholesterol-TEG 
linker was hybridised. The incorporation of the cholesterol 
allows the DNA to tether to the bilayer and greatly reduces the 
concentration of DNA required. Table 4 lists the sequences of 
the analyte DNA strands used in this example. 

TABLE 4 

Strand Sequence (5'-3') 

I1.98 TTTTTTTTTTTTTTTTTTTTTCCCCCCCCCCCCCAAATAAGA 
ACATTATGATCAGTAGGAGCACTACGACCTTTGTTCTGGTGC 
TCGTCCGGGCGCCCAAAGTGGAGCGAGTGCGAGAGGCGAGCG 
GTCAA 

I3 OS GTATCTCCATCGCTGTTGACCGCTCGCCTCTCGCACTCGCTC 
CACTTTGGGCGCCCGGACGAGCACCAGAACAAAGGTCGTAGT 
GCTCCTACTGATCATAATGTTCTTATTT 

TEO7 CAGCGATGGAGATAC - CholTEG 

0335 The experimental setup was similar to described 
above with a solution containing: 400 mM KCl, 10 mM 
Hepes, pH 8.0, 1 mM EDTA, 1 mMDTT. The buffer was used 
in the chamber and as part of a pre-mix solution. The DNA 
used in Table 4.1 was hybridised in a 1:1:1 ratio and added to 
the premix solution, Phi29 DNAP was also added and the 
pre-mix was allowed to mix for 5 minutes at room tempera 
ture. A single MS-(B1-L88N)s channel was obtained and the 
premix added to give a final solution DNA concentration of 
0.5 nManda final Solution Phi29 DNAP concentration of 100 
nM. 
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0336. The applied voltage was applied in a cycle compris 
ing alternating pulses of +180 mV and +140 mV, each of 
length 10 ms. 
0337 FIG. 49 shows an illustrative part of the results, 
showing in particular, in the lower trace, the applied Voltage 
and in the upper trace the resultant measured ion current. 
Events were seen from Phi29 DNAP-DNA complexes. States 
could be observed at both of the applied potentials, for 
example labelled States 1 to 3 in FIG. 49. During each state, 
the ion current flowing at each level of the Voltage in Succes 
sive cycles is the same. In each state, current levels at an 
applied potential of +140 mV and +180 V are obtained 
sequentially while the strand is at a consistent position, giving 
reads at two Voltages on the single molecule in the pore, this 
being achieved by the cycle period being shorter than the 
period of a state. A capacitive transient can be observed 
shortly after the applied potential is changed. This occurs 
when as the stored charge on the lipid bilayer changes. The 
duration of this capacitive transient is dependent on the size of 
the lipid membrane and can be reduced by going to a smaller 
membrane size. In this experiment, the lipid membrane was 
Suspended across an aperture with a diameter of 50 Lum. 
0338. It is also possible to observe the transitions between 
the states that occur when the strand moves from one position 
to another as the DNA is pulled through the Phi29 DNAP 
under the applied potential. The transition results in a change 
in the observed current for each of the applied potentials 
0339. The example in FIG. 49 also illustrates the advan 
tage of using plural Voltages in that the difference between the 
measured ion currents in State 2 and the adjacent States 1 and 
3 is much greater at the applied voltage of +180 mV than at the 
applied voltage of +140 mV. This makes it easier to resolve 
State 2 from States 1 and 3 at the applied voltage of +180 mV 
than at the applied voltage of +140 mV. Conversely, it is easier 
to resolve other states at the applied voltage of +140 mV than 
at the applied voltage of +180 mV. 
(0340 FIG.50 illustrates another illustrative part of results 
acquired under similar conditions to those described in the 
third example, but using the MS-(B1) pore instead of the 
MS-(B1-L88N), in the same type of plot as FIG. 49. FIG.50 
has a similar overall form to FIG. 49, this time including four 
states labelled State 1 to State 4. In this case, there is almost no 
difference between the measured ion currents in State 2 and 
the adjacent State 3 at the applied voltage of +140 mV but a 
high difference at the applied voltage of +140 mV. In this 
case, it is difficult or even impossible to resolve State 2 from 
State 3 at +140 mV, but this becomes possible at +180 mV. 
Again, it is easier to resolve other states at the applied Voltage 
of +140 mV than at the applied voltage of +180 mV. 
0341 The additional information obtained using plural 
levels of applied Voltage demonstrated and discussed above 
provide advantages when the measured ion currents are 
analysed to derive information about the polymer. 
0342. One method of analysing the measurements is to 
apply a method in accordance with the first aspect of the 
present invention, for example the method described above 
that embodies the first aspect (with reference to FIG. 6 and 
Subsequent drawings). Thus the various features of the meth 
ods described herein may be combined in any combination. In 
this case, the additional information obtained by using plural 
Voltages improves the accuracy of the estimation. 
0343. The analysis method in accordance with the first 
aspect of the present invention determines the sequence, and 
hence the identity, of at least part of the polymer. However, the 
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methods in accordance with the second aspect and third 
aspect also provide advantage in other methods of analysing 
the measurements that determine the identity of at least part of 
the polymer, Some non-limitative examples of which are as 
follows. 

0344) The measurements may be analysed to estimate the 
sequence of polymer units in at least part of the polymer using 
techniques other than those accordance with the first aspect of 
the present invention. 
0345 The measurements may be analysed to estimate the 
identity of at least part of the polymer without providing a full 
estimate of the sequence of polymer units. In these types of 
analysis the additional information obtained by using plural 
Voltages improves the accuracy of the estimation. 
0346 Alternatively, the measurements may be analysed to 
derive the timings of transitions between states. These tim 
ings are valuable in themselves, or may be used in further 
analysis, for example to determine the identity of polymer 
units. In this type of analysis, the additional information 
improves the ability to detect transitions. Some transitions are 
easier to observe at one potential and others are easier to 
observe at the other potential. By way of example, in the 
illustrative results of FIG.50, the transition from State 2 to 
State 3 is difficult to observe at +140 mV, but is readily 
observed at +180 mV. In contrast, the transition from State 3 
to State 4 is weak at +180 mV but easily observed at +140 mV. 
There is therefore clearly a benefit to the state detection in 
recording at more than one potential. 
0347 In some analysis methods, measurements at differ 
ent levels are both used directly, for example as separate 
measurements that both contribute in the same manner to the 
determination of identity of at least part of the polymer. In 
other analysis methods, measurements at different levels may 
be used in different manners, for example the measurement 
made at one level being used to determine the identity and the 
measurements made at a different level being used to confirm 
the that result. Alternatively the noise at one level may be 
compared to the noise at another in order to make a decision 
to use a particular measurement at one Voltage. Alternatively, 
the analysis method might involve selection between the 
measurements at different levels for the respective k-mers, 
followed by use of the selected measurements to determine 
the identity of at least part of the polymer. 
0348. It may be that the degree of additional information 
obtained by use of two measurements at different levels varies 
between k-mers. In that case, it may be that measurements at 
different numbers of levels are used for different k-mers, for 
example using measurements at a reduced number of levels, 
perhaps only a single level, for some k-mers, whilst using 
measurements at more levels for other k-mers. This method 
may be particularly useful for high variance states or for 
respective states having similar current levels. 
0349 Where measurements at different levels are used, 
different weightings may be attached to the different mea 
SurementS. 

0350 Nonetheless, despite the fact that the analysis 
method might use the measurements in various ways, the 
measurements at different levels in respect of Some k-mers 
are used in Some manner. 

0351. There are now described two non-limiting examples 
in accordance with the present invention. Both these 
examples are applied to the case where there is typically at 
least one measurement per state at each potential. 
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0352. In the first example the measurements at multiple 
levels are used to determine state transitions. This takes 
advantage of the fact that state transitions may be observable 
at one potential but not at another. The measurements may be 
Subjected to the analysis method as described above including 
state detection step S1, where the chance of a transition from 
a state is high. In FIG. 50 the trace may be reduced to two 
measurements at respectively 140 and 180 mV by taking for 
example the average of the total data at each potential for a 
state. These measurements may then be treated as concurrent 
(i.e. tightly coupled dimensions) from two sets of emission 
distributions and analysed with a similar set of transitions to 
the 1D case. Note that this is similar in implementation to the 
case where we make more than one measurement of a state at 
a single potential for example mean and variance. Indeed we 
may extend this approach to four tightly coupled dimensions 
by considering for example the mean and variance at each 
potential. 

0353. In the second example the transitions between states 
are estimated during the analysis phase, rather than as a 
separate step, analogous to the case described above, where 
step S1 is omitted. In this example, for simplicity, we will 
consider the case where we have reduced the series of mea 
Surements at each step of the potential cycle to a single mea 
Surement, for example the mean. Again with reference to FIG. 
50, state 1 consists of 28 measurements alternating between 
140 and 180 mV. The emission probability for each measure 
ment is therefore calculated with respect to the appropriate 
emissions (140 mV or 180 mV) and the transitions appropri 
ate for this data. For example a total transition probability 
from this state of approx 0.05 may be appropriate. This 
approach may also be generalised to consider each measure 
ment, rather than the Summary measurement from each cycle, 
or plural Summary measurements from each cycle. 
0354. In the method of making measurements at different 
Voltages in accordance with the second aspect of the present 
invention, although it is advantageous to apply a method in 
accordance with the third aspect of the invention, in which the 
applied potential is cycled while the polymer is translocated 
through the nanopore, other methods may be used instead. 
0355 By way of non-limitative example, one alternative 
method of making ion current measurements at more than one 
Voltage in accordance with the second aspect of the present 
invention is shown in FIG. 51 and performed as follows. 
0356. In step S9, the polymer is translocated through a 
nanopore, and in step S10, during translocation, a Voltage of 
a single level is applied across the nanopore and the ion 
current flowing through the nanopore under the application of 
that level of voltage is measured for each respective state 
observed. The method then repeats step S9 to translocate the 
same polymer and step S10 but applying a Voltage of a dif 
ferent level. Steps S9 and S10 may be repeated any number of 
times to acquire ion current measurements at any number of 
Voltage levels. 
0357 Desirably, in order to read the same polynucleotide 
each time, the ability of the polymer to leave the nanopore is 
limited. In the case of a polynucleotide, this may be done by 
controlling the potential so the Strand does not exit, or by 
using a chemical or biochemical blocking agent, Such as a 
streptavidin, to inhibit the translocation of the strand. 
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SEQUENCE LISTING 

<16O is NUMBER OF SEO ID NOS: 84 

<210s, SEQ ID NO 1 
&211s LENGTH: 558 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

<223> OTHER INFORMATION: MS- (B1) 8 

<4 OOs, SEQUENCE: 1 

atgggtctgg ataatgaact gag cctggtg gacggtcaag atcgt accct gacggtgcaa. 6 O 

Caatgggata cct ttctgaa tigcgtttitt C cqctggatc gtaatcgc.ct gaccc.gtgaa 12 O 

tggittt catt CC9gtc.gc.gc aaaatatatc gtc.gcaggcc cq99tgctga caatticgaa 18O 

ggcacgctgg aactgggitta t cagattggc titt CC9tggt cactgggcgt titat Caac 24 O 

ttct cqtaca ccacgc.cgaa tatt ctdatc aacaatggta acattaccgc accqc.cgttt 3OO 

ggcctgaaca gcgtgattac gcc.galacctg. titt CC9ggtg ttagcatctic toccgtctg 360 

ggcaatggtc. c.gggcattca agaagtggca acctt tagtg togcgttt C. c99.cgctaaa 42O 

ggcggtgtcg cggtgtctaa CCCC acggit accgttacgg gcgcggc.cgg C9gtgtc.ctg 48O 

Ctgcgt.ccgt togcgc.gc.ct gattgcct ct accggcgaca gcgttacgac Ctatggcgaa 54 O 

cc.gtggaata talactaa 558 

<210s, SEQ ID NO 2 
&211s LENGTH: 184 
212. TYPE: PRT 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

<223> OTHER INFORMATION: MS- (B1) 8 

<4 OOs, SEQUENCE: 2 

Gly Lieu. Asp Asn. Glu Lieu. Ser Lieu Val Asp Gly Glin Asp Arg Thr Lieu. 
1. 5 1O 15 

Thr Val Glin Gln Trp Asp Thr Phe Lieu. Asn Gly Val Phe Pro Leu Asp 
2O 25 3O 

Arg Asn Arg Lieu. Thir Arg Glu Trp Phe His Ser Gly Arg Ala Lys Tyr 
35 4 O 45 

Ile Val Ala Gly Pro Gly Ala Asp Glu Phe Glu Gly Thr Lieu. Glu Lieu. 
SO 55 6 O 

Gly Tyr Glin Ile Gly Phe Pro Trp Ser Leu Gly Val Gly Ile Asin Phe 
65 70 7s 8O 

Ser Tyr Thr Thr Pro Asn Ile Lieu. Ile Asin Asn Gly Asn Ile Thr Ala 
85 90 95 

Pro Pro Phe Gly Lieu. Asn Ser Val Ile Thr Pro Asn Lieu Phe Pro Gly 
1OO 105 11 O 

Val Ser Ile Ser Ala Arg Lieu. Gly Asn Gly Pro Gly Ile Glin Glu Val 
115 12 O 125 

Ala Thr Phe Ser Val Arg Val Ser Gly Ala Lys Gly Gly Val Ala Val 
13 O 135 14 O 

Ser Asn Ala His Gly Thr Val Thr Gly Ala Ala Gly Gly Val Lieu. Lieu. 
145 150 155 160 

Arg Pro Phe Ala Arg Lieu. Ile Ala Ser Thr Gly Asp Ser Val Thir Thr 
1.65 17O 17s 

Tyr Gly Glu Pro Trp Asn Met Asn 
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18O 

<210s, SEQ ID NO 3 
&211s LENGTH: 558 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

<223> OTHER INFORMATION: MS- (B2) 8 

<4 OOs, SEQUENCE: 3 

atgggtctgg ataatgaact gag cctggtg gacggtcaag atcgt accct gacggtgcaa. 6 O 

Caatgggata cct ttctgaa tigcgtttitt C cqctggatc gtaatcgc.ct gaccc.gtgaa 12 O 

tggittt catt CC9gtc.gc.gc aaaatatatc gtc.gcaggcc cq99tgctga caatticgaa 18O 

ggcacgctgg aactgggitta t cagattggc titt CC9tggt cactgggcgt titat Caac 24 O 

ttct cqtaca ccacgc.cgaa tattalacatc aacaatggta acattaccgc accqc.cgttt 3OO 

ggcctgaaca gcgtgattac gcc.galacctg. titt CC9ggtg ttagcatctic toccgtctg 360 

ggcaatggtc. c.gggcattca agaagtggca acctt tagtg togcgttt C. c99.cgctaaa 42O 

ggcggtgtcg cggtgtctaa CCCC acggit accgttacgg gcgcggc.cgg C9gtgtc.ctg 48O 

Ctgcgt.ccgt togcgc.gc.ct gattgcct ct accggcgaca gcgttacgac Ctatggcgaa 54 O 

cc.gtggaata talactaa 558 

<210 SEQ ID NO 4 
&211s LENGTH: 184 
212. TYPE: PRT 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

<223> OTHER INFORMATION: MS- (B2) 8 

<4 OOs, SEQUENCE: 4 

Gly Lieu. Asp Asn. Glu Lieu. Ser Lieu Val Asp Gly Glin Asp Arg Thr Lieu. 
1. 5 1O 15 

Thr Val Glin Gln Trp Asp Thr Phe Lieu. Asn Gly Val Phe Pro Leu Asp 
2O 25 3O 

Arg Asn Arg Lieu. Thir Arg Glu Trp Phe His Ser Gly Arg Ala Lys Tyr 
35 4 O 45 

Ile Val Ala Gly Pro Gly Ala Asp Glu Phe Glu Gly Thr Lieu. Glu Lieu. 
SO 55 6 O 

Gly Tyr Glin Ile Gly Phe Pro Trp Ser Leu Gly Val Gly Ile Asin Phe 
65 70 7s 8O 

Ser Tyr Thr Thr Pro Asn Ile Asin Ile Asin Asn Gly Asn Ile Thr Ala 
85 90 95 

Pro Pro Phe Gly Lieu. Asn Ser Val Ile Thr Pro Asn Lieu Phe Pro Gly 
1OO 105 11 O 

Val Ser Ile Ser Ala Arg Lieu. Gly Asn Gly Pro Gly Ile Glin Glu Val 
115 12 O 125 

Ala Thr Phe Ser Val Arg Val Ser Gly Ala Lys Gly Gly Val Ala Val 
13 O 135 14 O 

Ser Asn Ala His Gly Thr Val Thr Gly Ala Ala Gly Gly Val Lieu. Lieu. 
145 150 155 160 

Arg Pro Phe Ala Arg Lieu. Ile Ala Ser Thr Gly Asp Ser Val Thir Thr 
1.65 17O 17s 

Tyr Gly Glu Pro Trp Asn Met Asn 
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18O 

<210s, SEQ ID NO 5 
&211s LENGTH: 66 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

<223> OTHER INFORMATION: k3 De Bruijn 

<4 OOs, SEQUENCE: 5 

ataagaac at tatgat cagt aggagcacta Cacctttgt t ctggtgctic gtc.cgggcgc 6 O 

CCalaat 66 

<210s, SEQ ID NO 6 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SDO1 

<4 OOs, SEQUENCE: 6 

citct ct ct ct c ct citct citc aaataagaac attatgatca gtagg 45 

<210s, SEQ ID NO 7 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
& 22 O FEATURE; 
223 OTHER INFORMATION: SDO2 

<4 OO > SEQUENCE: 7 

citct ct ct ct c ct citct citc aataagaa.ca ttatgat cag tagga 45 

<210s, SEQ ID NO 8 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SDO3 

<4 OOs, SEQUENCE: 8 

citct ct ct ct c ct citct citc ataagaac at tatgat cagt aggag 45 

<210s, SEQ ID NO 9 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SDO4 

<4 OOs, SEQUENCE: 9 

citct ct ct ct c ct citctic to taagaacatt atgat cagta ggagc 45 

<210s, SEQ ID NO 10 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SDOS 

<4 OOs, SEQUENCE: 10 

citct ct ct ct c ct citct citc aagaacatta tdatcagtag gagca 45 
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<210s, SEQ ID NO 11 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SDO6 

<4 OOs, SEQUENCE: 11 

citct ct ct ct c ct citct citc agaac attat gat cagtagg agcac 45 

<210s, SEQ ID NO 12 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SDOf 

<4 OOs, SEQUENCE: 12 

citct ct ct ct c ct ct citct c gaa cattatg at cagtagga gcact 45 

<210s, SEQ ID NO 13 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SDO8 

<4 OOs, SEQUENCE: 13 

citct ct ct ct c ct citct citc aac attatga t cagtaggag cacta 45 

<210s, SEQ ID NO 14 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SDO9 

<4 OOs, SEQUENCE: 14 

citct ct ct ct c ct citct citc acattatgat cagtaggagc actac 45 

<210s, SEQ ID NO 15 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD10 

<4 OOs, SEQUENCE: 15 

citct ct ct ct c ct ct citct c cattatgatc agtaggagca citacg 45 

<210s, SEQ ID NO 16 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD11 

<4 OOs, SEQUENCE: 16 

citct ct ct ct c ct citct citc attatgat ca gtaggagcac tacga 45 

<210s, SEQ ID NO 17 
&211s LENGTH: 45 
&212s. TYPE: DNA 
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<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD12 

<4 OOs, SEQUENCE: 17 

citct ct ct ct c ct ct citct c titatgat cag taggagcact acgac 45 

<210s, SEQ ID NO 18 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD13 

<4 OOs, SEQUENCE: 18 

citct ct ct ct c ct ct citct c tatgat cagt aggagcacta cqacc 45 

<210s, SEQ ID NO 19 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD14 

<4 OOs, SEQUENCE: 19 

citct ct ct ct c ct citct citc atgat cagta ggagcactac gacct 45 

<210 SEQ ID NO 20 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD15. 

<4 OOs, SEQUENCE: 2O 

citct ct ct ct c ct citctic to tdatcagtag gag cactacg accitt 45 

<210s, SEQ ID NO 21 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD16 

<4 OOs, SEQUENCE: 21 

citct ct ct ct c ct ct citct c gat cagtagg agcactacga cctitt 45 

<210s, SEQ ID NO 22 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION: SD17 

<4 OOs, SEQUENCE: 22 

citct ct ct ct c ct citct citc at cagtagga gcactacgac ctittg 45 

<210s, SEQ ID NO 23 
&211s LENGTH: 45 

&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION: SD18 
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<4 OOs, SEQUENCE: 23 

citct ct ct ct c ct citct citc. tcagtaggag cactacgacc tttgt 45 

<210s, SEQ ID NO 24 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD19 

<4 OOs, SEQUENCE: 24 

citct ct ct ct c ct citctic to cagtaggagc actacgacct ttgtt 45 

<210s, SEQ ID NO 25 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION SD2O 

<4 OOs, SEQUENCE: 25 

citct ct ct ct c ct citct citc agtaggagca citacgacctt togttc 45 

<210s, SEQ ID NO 26 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
& 22 O FEATURE; 
223 OTHER INFORMATION SD21 

<4 OOs, SEQUENCE: 26 

citct ct ct ct c ct citct citc gtaggagcac tacgacctitt gttct 45 

<210s, SEQ ID NO 27 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION SD22 

<4 OOs, SEQUENCE: 27 

tttitttittitt tttitttitttt taggagcact acgacctttgttctg 45 

<210s, SEQ ID NO 28 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION SD23 

<4 OOs, SEQUENCE: 28 

tttitttittitt tttitttittitt aggagcacta caccitttgt totgg 45 

<210s, SEQ ID NO 29 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION SD24 

<4 OOs, SEQUENCE: 29 

citct ct ct ct c ct citctic to ggagcactac gacctttgtt citggit 45 
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<210s, SEQ ID NO 3 O 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION SD25 

<4 OOs, SEQUENCE: 30 

citct ct ct ct c ct ct citct c gag cactacg acctttgttctggtg 45 

<210s, SEQ ID NO 31 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION SD26 

<4 OOs, SEQUENCE: 31 

citct ct ct ct c ct citct citc agcactacga cctttgttct ggtgc 45 

<210s, SEQ ID NO 32 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION SD27 

<4 OOs, SEQUENCE: 32 

citct ct ct ct c ct citctic to goactacgac citttgttctg gtgct 45 

<210s, SEQ ID NO 33 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION SD28 

<4 OOs, SEQUENCE: 33 

ttttittttitt tttitttittitt cactacgacc tttgttctgg togctc 45 

<210s, SEQ ID NO 34 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION SD29 

<4 OOs, SEQUENCE: 34 

tttitttittitt tttitttittitt actacgacct ttgttctggit gct cq 45 

<210s, SEQ ID NO 35 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD30 

<4 OOs, SEQUENCE: 35 

citct ct ct ct c ct ct citct c ctacgacctt tdttctggtg citcgt. 45 

<210s, SEQ ID NO 36 
&211s LENGTH: 45 
&212s. TYPE: DNA 
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<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD31 

<4 OOs, SEQUENCE: 36 

citct ct ct ct c ct citctic to tacgacctitt gttctggtgc ticgtc 45 

<210s, SEQ ID NO 37 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD32 

<4 OO > SEQUENCE: 37 

citct ct ct ct c ct citct citc acgacctttgttctggtgct cqt cc 45 

<210s, SEQ ID NO 38 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD33 

<4 OOs, SEQUENCE: 38 

citct ct ct ct c ct citctic to cqacctttgt totggtgctic gtc.cg 45 

<210 SEQ ID NO 39 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD34 

<4 OOs, SEQUENCE: 39 

citct ct ct ct c ct ct citct c gacctttgtt ctdgtgct cq t cogg 45 

<210s, SEQ ID NO 4 O 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD35 

<4 OOs, SEQUENCE: 4 O 

citct ct ct ct c ct citctic to acctttgttctggtgct cqt ccdgg 45 

<210s, SEQ ID NO 41 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION: SD36 

<4 OOs, SEQUENCE: 41 

citct ct ct ct c ct ct citct c cctttgttct ggtgctic gtc cqggc 45 

<210s, SEQ ID NO 42 
&211s LENGTH: 45 

&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION: SD37 
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<4 OOs, SEQUENCE: 42 

citct ct ct ct c ct citctic to Ctttgttctg gtgct cqtcc gggcg 45 

<210s, SEQ ID NO 43 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD38 

<4 OOs, SEQUENCE: 43 

citct ct ct ct c ct citctic to tttgttctgg togct cqtccg gg.cgc 45 

<210s, SEQ ID NO 44 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD39 

<4 OOs, SEQUENCE: 44 

citct ct ct ct c ct citctic to ttgttctggit gct cqtc.cgg gcgc.c 45 

<210s, SEQ ID NO 45 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
& 22 O FEATURE; 
223 OTHER INFORMATION: SD40 

<4 OOs, SEQUENCE: 45 

citct ct ct ct c ct ct citct c togttctggtg citcgt.ccggg cqcco 45 

<210s, SEQ ID NO 46 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD41 

<4 OOs, SEQUENCE: 46 

citct ct ct ct c ct citct citc gttctggtgc ticgt.ccgggc gcc.ca 45 

<210s, SEQ ID NO 47 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD42 

<4 OOs, SEQUENCE: 47 

citct ct ct ct c ct citctic to ttctggtgct cqtccgggcg cccaa 45 

<210s, SEQ ID NO 48 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD43 

<4 OOs, SEQUENCE: 48 

citct ct ct ct c ct citct citc. tctggtgctic gtc.cggg.cgc ccaaa 45 
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<210s, SEQ ID NO 49 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD44 

<4 OOs, SEQUENCE: 49 

citct ct ct ct c ct ct citct c ctdgtgct cq t coggg.cgcc caaat 45 

<210s, SEQ ID NO 50 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD45 

<4 OOs, SEQUENCE: 50 

citct ct ct ct c ct ct citct c toggtgct cqt ccggg.cgc.cc aaata 45 

<210s, SEQ ID NO 51 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD46 

<4 OOs, SEQUENCE: 51 

citct ct ct ct c ct citctic to ggtgct cqtc cqgg.cgc.cca aataa 45 

<210s, SEQ ID NO 52 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD47 

<4 OOs, SEQUENCE: 52 

citct ct ct ct c ct citct citc gtgct cqtcc ggg.cgcc caa ataag 45 

<210s, SEQ ID NO 53 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD48 

<4 OOs, SEQUENCE: 53 

citct ct ct ct c ct ct citct c togct cqtc.cg gg.cgc.ccaaa taaga 45 

<210s, SEQ ID NO 54 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD49 

<4 OOs, SEQUENCE: 54 

citct ct ct ct c ct citctic to got cqtc.cgg gcgcc caaat aagaa 45 

<210s, SEQ ID NO 55 
&211s LENGTH: 45 
&212s. TYPE: DNA 
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<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SDSO 

<4 OO > SEQUENCE: 55 

citct ct ct ct c ct ct citct c ct cqtccggg cqc coaaata agaac 45 

<210s, SEQ ID NO 56 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD51 

<4 OOs, SEQUENCE: 56 

citct ct ct ct c ct citct citc. tcgtc.cgggc gcc caaataa gaaca 45 

<210s, SEQ ID NO 57 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD52 

<4 OO > SEQUENCE: 57 

citct ct ct ct c ct citctic to cqtcc.ggg.cg cccaaataag aac at 45 

<210 SEQ ID NO 58 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD53 

<4 OOs, SEQUENCE: 58 

citct ct ct ct c ct citct citc gtc.cgggcgc ccaaataaga acatt 45 

<210s, SEQ ID NO 59 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD54 

<4 OO > SEQUENCE: 59 

citct ct ct ct c ct citct citc. tcc.ggg.cgcc caaataagaa catta 45 

<210s, SEQ ID NO 60 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION: SD55 

<4 OOs, SEQUENCE: 60 

citct ct ct ct c ct ct citct c ccggg.cgc.cc aaataagaac attat 45 

<210s, SEQ ID NO 61 
&211s LENGTH: 45 

&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION: SD56 
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<4 OOs, SEQUENCE: 61 

citct ct ct ct c ct citctic to cqgg.cgc.cca aataagaaca ttatg 45 

<210s, SEQ ID NO 62 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD57 

<4 OOs, SEQUENCE: 62 

citct ct ct ct c ct citctic to gggcgc.ccaa ataagaacat tatga 45 

<210s, SEQ ID NO 63 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD 58 

<4 OOs, SEQUENCE: 63 

citct ct ct ct c ct citctic to gg.cgc.ccaaa taagaacatt atgat 45 

<210s, SEQ ID NO 64 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
& 22 O FEATURE; 
223 OTHER INFORMATION: SD59 

<4 OOs, SEQUENCE: 64 

citct ct ct ct c ct citctic to go.gcc caaat aagaacatta tdatc 45 

<210s, SEQ ID NO 65 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD60 

<4 OOs, SEQUENCE: 65 

citct ct ct ct c ct citctic to cqc coaaata agaac attat gat.ca 45 

<210s, SEQ ID NO 66 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD 61 

<4 OOs, SEQUENCE: 66 

citct ct ct ct c ct citctic to goccaaataa gaa cattatg at cag 45 

<210s, SEQ ID NO 67 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD62 

<4 OO > SEQUENCE: 67 

citct ct ct ct c ct ct citct c cccaaataag aac attatga t cagt 45 
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<210s, SEQ ID NO 68 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD63 

<4 OOs, SEQUENCE: 68 

citct ct ct ct c ct ct citct c ccaaataaga acattatgat cagta 45 

<210s, SEQ ID NO 69 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD64 

<4 OOs, SEQUENCE: 69 

citct ct ct ct c ct ct citct c caaataagaa cattatgatc agtag 45 

<210s, SEQ ID NO 70 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: TSO1 

<4 OO > SEQUENCE: 7 O 

ttitt tttitt t t t t t t t t t t t t t t t t t t t t t t t t t t t t t t t t t titt 45 

<210s, SEQ ID NO 71 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD90 

<4 OOs, SEQUENCE: 71 

citct ct ct ct c ct ct citct c gacgagcacc agaacaaagg togta 45 

<210s, SEQ ID NO 72 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD85 

<4 OOs, SEQUENCE: 72 

tttitttittitt tttitttittitt gcc.cggacga gcaccagaac aaagg 45 

<210s, SEQ ID NO 73 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: SD81 

<4 OO > SEQUENCE: 73 

citct ct ct ct c ct citctic to gggcgc.ccgg acgagcacca gaaca 45 

<210s, SEQ ID NO 74 
&211s LENGTH: 45 
&212s. TYPE: DNA 
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<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: S142 

<4 OOs, SEQUENCE: 74 

citct ct ct ct c ct citctic to tttggg.cgcc cqgacgagca ccaga 

<210s, SEQ ID NO 75 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: S117 

<4 OO > SEQUENCE: 75 

citct ct ct ct c ct citctic to got cotactg at cataatgt totta 

<210s, SEQ ID NO 76 
&211s LENGTH: 45 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: S116 

<4 OO > SEQUENCE: 76 

citct ct ct ct c ct ct citct c togctic ctact gat cataatgttctt 

<210 SEQ ID NO 77 
&211s LENGTH: 131 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: I198 

<4 OO > SEQUENCE: 77 

tttitttittitt tttitttitttt toccc.ccc cc ccc caaataa gaa cattatg atcagtagga 

gCactacgac Ctttgttctg gtgct cqtcc gggcgcc caa agtggagcga gtgcgagagg 

cgagcggt ca a 

<210s, SEQ ID NO 78 
&211s LENGTH: 112 
&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 
223 OTHER INFORMATION: I3 OS 

<4 OO > SEQUENCE: 78 

gtat ct coat cqctgttgac cqctic goc to tcqcact cqc tocactittgg gcgc.ccggac 

gagcaccaga acaaaggit cq tagtgctic ct actgat cata atgttctitat tt 

<210s, SEQ ID NO 79 
&211s LENGTH: 15 

&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION : TEOf 

<4 OO > SEQUENCE: 79 

Cagcgatgga gatac 

<210s, SEQ ID NO 8O 

45 

45 

45 

6 O 

12 O 

131 

6 O 

112 

15 
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&211s LENGTH: 1.OO 

&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

<223 is OTHER INFORMATION: reference 

<4 OOs, SEQUENCE: 80 

gctact.gcaa aggatattitc taatgtcgt.c actgatgctg cittctggtgt gigttgatatt 

titt catggta ttgataaagc tigttgc.cgat acttggalaca 

<210s, SEQ ID NO 81 
&211s LENGTH: 1.OO 

&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION: calls 

<4 OOs, SEQUENCE: 81 

catact.gc.cc gagatattitc taatgtcgt.c aattatgctg. cittctggtgt gigttcc tatt 

titt.cctggta t t c ct caggc tigttgc.cgaa tattgagaca 

<210s, SEQ ID NO 82 
&211s LENGTH: 1.OO 

&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

<223 is OTHER INFORMATION: reference 

<4 OOs, SEQUENCE: 82 

acaaggttca tag.ccgttgt cqaaatagitt atgg tactitt ttatagttgg tdtggtc.ttic 

gtcg tagt ca citgctgtaat ctittatagga aacgt catcg 

<210s, SEQ ID NO 83 
&211s LENGTH: 1.OO 

&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION: calls 

<4 OOs, SEQUENCE: 83 

acaaatttitt tatgcgtgcc ggaaattatt tdggttgc.cc ctdgagtttg ggittittctitt 

cittctgaatc attic.cggacc ctitttgacta aacgctttgt 

<210s, SEQ ID NO 84 
&211s LENGTH: 1.OO 

&212s. TYPE: DNA 

<213> ORGANISM: Artificial Sequence 
22 Os. FEATURE: 

223 OTHER INFORMATION: calls 

<4 OOs, SEQUENCE: 84 

cgatgacgtt toctataaag attacagoag toactacgac gaagaccaca ccaactataa 

aaagtaccat aactattt cq acaacggcta tdaac cittgt 

6 O 

6 O 

6 O 

6 O 

6 O 
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1. A method of estimating a sequence of polymer units in a 
polymer from at least one series of measurements related to 
the polymer, wherein the value of each measurement is 
dependent on a k-mer, being a group ofk polymer units where 
k is a positive integer, the method comprising: 

providing a model comprising, for a set of possible k-mers: 
transition weightings representing the chances of tran 

sitions from origin k-mers to destination k-mers; and 
emission weightings in respect of each k-mer that rep 

resent the chances of observing given values of mea 
Surements for that k-mer, and 

analysing the series of measurements using an analytical 
technique that refers to the model and estimating at least 
one estimated sequence of polymer units in the polymer 
based on the likelihood predicted by the model of the 
series of measurements being produced by sequences of 
polymer units. 

2. A method according to claim 1, wherein at least one of 
the transition weightings and the emission weightings com 
prise values of non-binary variables. 

3. A method according to claim 2, wherein both of the 
transition weightings and the emission weightings comprise 
values of non-binary variables. 

4. A method according to claim 1, wherein the emission 
weightings represent non-Zero chances of observing all pos 
sible measurements. 

5. (canceled) 
6. (canceled) 
7. A method according to claim 1, wherein k is a plural 

integer. 
8. A method according to claim 7, wherein the transition 

weightings represent non-Zero chances of preferred transi 
tions, being transitions from origin k-mers to destination 
k-mers that have a sequence in which the first (k-1) polymer 
units are the final (k-1) polymer units of the origin k-mer, and 
represent lower chances of non-preferred transitions, being 
transitions from origink-mers to destination k-mers that have 
a sequence different from the origin k-mer and in which the 
first (k-1) polymer units are not the final (k-1) polymer units 
of the origin k-mer. 

9. A method according to claim 8, wherein the transition 
weightings represent non-Zero chances of at least Some of 
said non-preferred transitions. 

10. A method according to claim 9, wherein the transition 
weightings represent non-zero chances of non-preferred tran 
sitions from origin k-mers to destination k-mers that have a 
sequence wherein the first (k-2) polymer units are the final 
(k-2) polymer units of the origin k-mer. 

11. A method according to claim 1, wherein the analytical 
technique is a probabilistic technique. 

12. A method according to claim 1, wherein the transition 
weightings are probabilities, and/or the emission weightings 
are probabilities. 

13. A method according to claim 1, wherein the model is a 
Hidden Markov Model. 

14. A method according to claim 1, wherein the step of 
analysing further comprises deriving a quality score in 
respect of the or each estimated sequence that represents the 
likelihood predicted by the model of the series of measure 
ments being produced by the estimated sequence of polymer 
units. 

15. A method according to claim 1, wherein the step of 
analysing further comprises deriving quality Scores in respect 
of individual k-mers corresponding to the estimated sequence 
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of polymer units, that represent the likelihoods predicted by 
the model of the series of measurements being produced by a 
sequence including the individual k-mers and/or deriving 
quality Scores in respect of sequences of k-mers correspond 
ing to the estimated sequence of polymer units, that represent 
the likelihoods predicted by the model of the series of mea 
Surements being produced by the given sequences of k-mers. 

16. (canceled) 
17. A method according to claim 1, wherein the step of 

analysing derives plural estimated sequences of polymer 
units in the polymer. 

18. (canceled) 
19. A method according to claim 1, wherein the step of 

estimating at least one estimated sequence of polymer units in 
the polymer comprises: 

estimating at least one sequence of k-mers based on the 
likelihood predicted by the model of the series of mea 
Surements being produced by overall sequences of 
k-mers; and 

estimating a sequence of polymer units from the estimated 
sequence of k-mers. 

20. A method according to claim 1, wherein, in the at least 
one series of measurements, a predetermined number of mea 
Surements are dependent on each k-mer, the predetermined 
number being one or more. 

21. A method according to claim 20, wherein 
the method comprises receiving at least one input signal 

comprising an input series of measurements in which 
groups of plural measurements are dependent on the 
same k-mer, without a priori knowledge of the number 
of measurements in the group, and 

before the step of analysing, processing the at least one 
input signal to identify successive groups of measure 
ments and to derive said predetermined number of mea 
Surements in respect of each identified group, the step of 
analysing being performed on the or each series of mea 
surements thus derived. 

22. A method according to claim 1, wherein, in the at least 
one series of measurements, groups of plural measurements 
are dependent on the same k-mer, without a priori knowledge 
of number of measurements in the group. 

23. (canceled) 
24. A method according to claim 1, wherein said measure 

ments of the polymer are made during translocation of the 
polymer through a nanopore 

25. (canceled) 
26. A method according to claim 24 wherein translocation 

of the polymer through the nanopore is performed in a ratch 
eted manner. 

27. A method according to claim 24, wherein the polymer 
is a polynucleotide, and the polymer units are nucleotides. 

28. (canceled) 
29. A method according to claim 24, wherein the nanopore 

is a biological pore. 
30. (canceled) 
31. A method according to claim 1, wherein 
the method is performed on plural series of measurements 

each related to said polymer, wherein the value of each 
measurement is dependent on a k-mer, and 

the analytical technique treats the plural series of measure 
ments as arranged in plural, respective dimensions. 

32. A method according to claim 31, wherein each series of 
measurements are measurements of the same region of the 
same polymer. 
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33. A method according to claim 31, wherein the plural 
series of measurements comprise two series of measure 
ments, wherein the first series of measurements are measure 
ments of a first region of a polymer and the second series of 
measurements are measurements of a second region of a 
polymer that is related to said first region. 

34. A method according to claim 33, wherein the first and 
second regions are related regions of the same polymer. 

35. A method according to claim 33, wherein the related 
regions are complementary. 

36. (canceled) 
37. (canceled) 
38. (canceled) 
39. An analysis device for estimating a sequence of poly 

mer units in a polymer from at least one series of measure 
ments related to the polymer, wherein the value of each mea 
Surement is dependent on a k-mer being a group ofk polymer 
units, where k is a plural integer, the method comprising: 

a memory storing a model comprising, for a set of possible 
k-mers: 
transition weightings representing the chances of tran 

sitions from origin k-mers to destination k-mers; and 
emission weightings in respect of each k-mer that rep 

resent the chances of observing given values of mea 
Surements for that k-mer, and 

an analysis unit configured to analyse the series of mea 
Surements using an analytical technique that refers to the 
model and to estimate at least one estimated sequence of 
polymer units in the polymer based on the likelihood 
predicted by the model of the series of measurements 
being produced by sequences of polymer units. 

40. (canceled) 

44 

41. (canceled) 
42. (canceled) 
43. (canceled) 
44. (canceled) 
45. (canceled) 
46. (canceled) 
47. (canceled) 
48. (canceled) 
49. (canceled) 
50. (canceled) 
51. (canceled) 
52. (canceled) 
53. (canceled) 
54. (canceled) 
55. (canceled) 
56. (canceled) 
57. (canceled) 
58. (canceled) 
59. (canceled) 
60. (canceled) 
61. (canceled) 
62. (canceled) 
63. (canceled) 
64. (canceled) 
65. (canceled) 
66. (canceled) 
67. (canceled) 
68. (canceled) 
69. (canceled) 
70. (canceled) 
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