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Abstract The identification and quantification of specific
organisms in mixed microbial communities often relies on
the ability to design oligonucleotide probes and primers with
high specificity and sensitivity. The design of these oligonucleotides (or “oligos” for short) shares many of the same
principles in spite of their widely divergent applications.
Three common molecular biology technologies that require
oligonucleotide design are polymerase chain reaction (PCR),
fluorescence in situ hybridization (FISH), and DNA microarrays. This article reviews techniques and software available
for the design and optimization of oligos with the goal of
targeting a specific group of organisms within mixed microbial communities. Strategies for enhancing specificity without
compromising sensitivity are described, as well as design
tools well suited for this purpose.
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Introduction
Investigations in microbial ecology often involve the detection and quantification of specific microorganisms within
communities in which closely related organisms may also be
present. This is the case, for example, when trying to assess
the relative contribution of specific groups of microorganisms
to global inorganic and organic nutrient cycling (Abell et al.
2010; Cottrell and Kirchman 2000; Lenk et al. 2011; Mosier
and Francis 2008). Sometimes the target microbial group has
unique phenotypic or genotypic characteristics that allow it to
be clearly differentiated from other organisms in the community, but this aim is made more challenging when the group’s
distinguishing characteristics are similar to those of other
nontargeted organisms. Therefore, it is often necessary to
employ sophisticated design and experimental approaches to
ensure accurate identification of the targeted group of
organisms.
Identification methods based on phylogenetic gene
markers, such as the small subunit (ssu) or large subunit
(lsu) ribosomal RNA (rRNA), as well as functional genes
are now commonplace (Jones et al. 2008; Klein et al. 2001;
Loy et al. 2007; Pester et al. 2012). Techniques such as
fluorescence in situ hybridization (FISH), polymerase chain
reaction (PCR), quantitative PCR (qPCR), and phylogenetic
microarrays are all based on successfully designing oligonucleotide probes or primers (collectively referred here as oligonucleotides, or oligos for short) that hybridize to nucleic acid
templates from the targeted organisms. These oligos must also
be designed to limit cross-hybridization with nontarget organisms in order to minimize the number of false positive
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identifications. The ssu rRNA is the most widely used phylogenetic marker and is therefore the target gene for many
oligonucleotide designs. In addition, the availability of sizeable rRNA repositories, such as the Ribosomal Database
Project (RDP) (Cole et al. 2007), SILVA (Quast et al. 2013),
and Greengenes (DeSantis et al. 2006), as well as databases of
previously used oligos (Loy et al. 2007), facilitates the widespread use of the ssu rRNA as a target for oligo designs. As
our awareness of microbial diversity continues to expand
along with the size of rRNA databases, the design of highspecificity oligonucleotides has become more challenging
(Pfeiffer et al. 2014).
With a limited number of sequences in early ssu rRNA
databases, the task of finding target sites with sufficient specificity to the organisms of interest was relatively easy compared to the same task using current databases, which encompass much greater sequence variability amongst target and
nontarget organisms. Likewise, oligos designed to target specific groups that were defined using a limited number of
sequences can become outdated (i.e., have incomplete coverage of the intended target group) when additional sequences
reveal a higher diversity in the targeted group. A classical
example of this is in the design of FISH probes and PCR
primers intended to target all cells within the Bacteria domain.
The initial design of probe EUB338 (Amann et al. 1990) was
updated when new sequences revealed bacterial cells that
would not hybridize with the original probe (Daims et al.
1999). Similarly, the original design of primers 27f and
1492r (Weisburg et al. 1991) was later revisited to improve
their coverage of the domain bacteria in PCR amplifications
(Frank et al. 2008). Fortunately, as the diversity represented in
sequence databases increases, oligos designed with large sequence sets may take enough diversity into consideration to
withstand the test of time.
New advances in oligonucleotide design have been developed to harness the ever-increasing breadth of modern sequence repositories. These advances draw on recently developed experimental techniques and mathematical models to
provide cutting-edge methods for the design of oligos that
simultaneously maximize sensitivity and specificity to a target
group of organisms. Some of these tools have the ability to
accurately identify nontargets present in large databases with
high-throughput. Here, we describe both software tools and
experimental approaches that have been used for the design of
oligonucleotides in recent years.
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is a simple fundamental principle, it is a complex task in
practice because of the immense diversity of potential target
and nontarget sequences. On one hand, if the targeted group of
organisms is narrowly defined (e.g., at the strain or species
level), it may not be possible to find a suitable site in the
targeted gene that is unique to the group. On the other hand, if
the targeted group is broadly defined (e.g., class or phylum
level), finding a target site that is common to all of the
organisms within the group but absent in other organisms
becomes challenging. These considerations define two of the
key goals in the design of oligonucleotides. That is, the oligos
should have high specificity to the targeted organisms while
maintaining high coverage of the targeted group.
Besides specificity and coverage, a third concept considered in oligonucleotide design is sensitivity, which refers to
maximizing the number of target molecules hybridized to
oligos so as to enable the highest possible degree of detection
when abundance of the target is low. The detection limit,
defined as the minimum number of targets that need to be
present for positive detection, is tightly linked to the concept
of sensitivity. However, since maximizing hybridization with
the target molecule can simultaneously increase hybridization
to nontargets (hence reducing specificity), detection limits
cannot be optimized independently of specificity and coverage considerations. In many cases, it is preferable to hybridize
under stringent conditions (e.g., high annealing temperature or
high denaturant concentrations) to minimize nontarget hybridizations, even though this will not result in the lowest possible
detection limit. This trade-off can be seen in Fig. 1, where
increasing stringency simultaneously decreases both target
and nontarget signal. The ideal level of stringency occurs at
the point where target signal is maintained at an easily detectable level, but nontarget hybridization is negligible. This

Principles of oligonucleotide design
Hybridization is the process of an oligonucleotide forming a
duplex with a complementary sequence. Therefore, ideal
oligos should (i) strongly hybridize to their intended target(s),
and (ii) not hybridize to nontargeted sequences. Although this

Fig. 1 Denaturation curves illustrating the trade-off between sensitivity
and specificity. Increasing stringency results in less nontarget hybridization at the expense of decreasing target sensitivity. The optimal level of
stringency occurs at the point where the nontarget signal is minimized
(specificity is maximized) and the target signal (sensitivity) is maximized
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optimal point can be determined experimentally by testing
multiple levels of stringency and examining the effect on
target and nontarget hybridizations. If the optimal stringency
results in weak signals from the targeted organisms, then
approaches to increasing specificity without compromising
sensitivity can be implemented. In PCR, a method called
Touchdown-PCR, where decreasing levels of stringency are
used in each annealing step, ensures that the experiment
reaches an optimal level of stringency with a high level of
sensitivity (Korbie and Mattick 2008). For FISH, signal from
the targeted organisms can be amplified through indirect
approaches, such as in catalyzed reporter deposition
(CARD)-FISH (Pernthaler et al. 2002).
An alternative approach is to increase specificity without
compromising sensitivity by hybridizing under less stringent
conditions while mitigating nontarget hybridizations. This can
be achieved with competitor probes (Manz et al. 1992) or
blocking primers (Wilcox et al. 2014) that prevent mismatched targets from hybridizing to the oligo. Yet, another
approach to maximize specific identification involves the
simultaneous hybridization of multiple oligos to the same
target organism, such that the overlap between nontarget
organisms cross-hybridizing to each oligo is minimized. This
is chiefly used in PCR experiments where both forward and
reverse primers must anneal for exponential amplification to
occur. In qPCR, a third oligo can be used through the addition
of an internal probe that will produce a fluorescent signal only
from the targeted organism even if amplification of DNA from
nontargeted organisms took place (Livak et al. 1995). Analogously, two or more probes can be used to target the same
organism with FISH, and while each probe may hybridize to
many nontargets, only the target organisms will hybridize to
both probes simultaneously (Wright et al. 2014a).

Thermodynamic principles of hybridization
Successful optimization of oligonucleotide sensitivity, specificity, and coverage requires accurate predictive tools during
the design step. The basis for such tools is the thermodynamics of nucleic acid interactions (reviewed in Turner (2000)).
Oligonucleotide sensitivity is addressed by the calculation of
the thermodynamic affinity of the designed oligo to the target
molecule. Although experimental optimization can partially
solve problems arising from low target abundance, an oligo
with very low affinity cannot yield sufficient signal under any
condition, due simply to the lack of hybridization. Historically, semiquantitative formulations based on the GC content and
oligo length have been employed to evaluate oligo affinity
(Stahl and Amann 1991). Modern approaches use the entire
sequence context to quantify the thermodynamic affinity in
the form of a Gibbs free energy change (ΔG°) of duplex
formation. This is achieved with the nearest-neighbor model,
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which sums the free energy contributions of nearest-neighbor
base-stacking interactions between adjacent base pairs in a
duplex (for an oligo of length L, there are L-1 nearest neighbors), and adds an initiation penalty to this sum to obtain a
total ΔG°. The free energy parameters associated with all
possible nearest neighbor sequences (there are 10 possibilities
for DNA/DNA and RNA/RNA duplexes, and 16 for DNA/
RNA duplexes) have been determined using in solution hybridizations with tens of different oligonucleotide pairs and
are available for DNA/DNA (SantaLucia 1998), RNA/RNA
(Turner and Mathews 2010), and DNA/RNA (Sugimoto et al.
1995) interactions.
Generally, the calculation of a free energy change of duplex
formation is not sufficient to quantify the overall thermodynamic affinity of an oligonucleotide to its target. Both the
target and oligo may form structures through self-folding
interactions that compete with duplex formation. Therefore,
free energy penalties for the unfolding of these structures need
to be calculated and incorporated into the calculation of overall affinity. Thermodynamics of nucleic acid interactions in
structured single strands have been studied for both DNA
(SantaLucia and Hicks 2004) and RNA (Mathews et al.
1999b) to determine the free energy changes of formation
for different structural motifs. With specialized software that
uses these thermodynamic parameters (Markham and Zuker
2008; Zuker 2003), the free energy changes for unfolding the
oligonucleotide and target molecules can be calculated. In
addition, oligonucleotide dimerization due to intermolecular
interactions within the oligonucleotide pool may also compete
with duplex formation when the dimers have a melting temperature (temperature where half of the oligos are dimerized)
similar to the hybridization temperature. Such intermolecular
interactions are the cause of primer-dimer artifacts in PCR and
must therefore be taken into account during primer design
(Wright et al. 2014b). The ΔG° of duplex formation and ΔG°
penalties for folding and dimerization can be combined in an
equilibrium model to calculate an overall free energy change
for hybridization, which describes the thermodynamic affinity
of the oligonucleotide to its target (Mathews et al. 1999a).
Thermodynamics is useful also for evaluating oligonucleotide specificity and coverage. In particular, the prediction of
the likelihood of oligonucleotide hybridization with mismatched sequences depends on the cumulative effect of mismatches on the thermodynamic stability of the duplex. Mismatch types that are commonly encountered during oligonucleotide design are shown in Table 1. The destabilizing effect
of a mismatch can be quantified as a positive (unfavorable)
difference in ΔG° of duplex formation, or ΔΔG° (Sugimoto
et al. 2000; Yilmaz et al. 2008), which has two components.
First is the ΔG° lost due to the nearest-neighbor base pairs that
are interrupted by the inclusion of a mismatch. For instance, a
single mismatch eliminates favorable base-stacking interactions between the original perfect matching base pair and its
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Table 1 Typical mismatch patterns in probe/target sequences
a

c

Mismatch
type

Perfect match

Mismatch
loopa

NN Permutations
lostb

Single
Bulge
(insertion)
Bulge
(deletion)
Tandem
Multipled

●●●/●(●)●
●●/●()●

●Λ●/●v●
●●/●v●

2
1

104/192
64/64

●●●/●(●)●

●Λ●/●●

2

64/64

3
●●●●/●(●●)● ●ΛΛ●/●vv●
●●●●●●/
●Λ●●Λ●/●v●●v● 4
●(●)●●(●)●

1176/2304
nae

a
Patterns represent short segments of nucleotides excerpted from a longer
probe/target duplex. Dot (●) indicates a perfect match, v and Λ indicate a
mismatch. Parentheses encompass positions on the target that change to
form the mismatches
b

Number of perfect match nearest neighbor stacking pairs that are eliminated upon insertion of the mismatches
c

Number of distinct mismatch loops considering all possible matching
and mismatching bases. The first number is for DNA/DNA or RNA/RNA
duplexes followed by that for DNA/RNA duplexes

d

Two separate single mismatches are shown as an example

e

Not applicable. The free energy changes for mismatches separated by
more than one base are added to calculate an overall effect. When there is
only one base pair left between mismatches, loops are merged to eliminate isolated base pairs

two nearest-neighbors, one to either side of the mismatch
position (Table 1). The second component of ΔΔG° is the
ΔG° of formation for the internal loop created by mismatch
insertion. This is a function of the type of mismatch and the
nearest neighboring base pairs, which define the loop altogether (Table 1). Thus, the prediction of mismatch stability
requires not only the nearest-neighbor parameters for perfect
matches but also the estimates of ΔG° values for all possible
permutations of internal loops. For single mismatches in
DNA/RNA duplexes, there are 192 unique permutations of
internal loops (4 possibilities for each one of the nearest
neighbors and 12 for the mismatch type), whereas for DNA/
DNA or RNA/RNA, there are only 104 possibilities due to
symmetrical occurrences. While parameters for all permutations are available for DNA/DNA (SantaLucia and Hicks
2004) and RNA/RNA (Turner and Mathews 2010) hybridizations, only a subset has been evaluated in DNA/RNA duplexes (Sugimoto et al. 2000; Watkins et al. 2011). The
multitude of loop parameters in oligo design highlights how
even a moderate set of single mismatches have ΔG° that vary
over a wide range of values (Yilmaz et al. 2008). For this
reason, discrete categorization of mismatch stability based
solely on the type of mismatched base pair (Ludwig et al.
2004; Pozhitkov et al. 2006) is oversimplified.
Other simple mismatch motifs (Table 1) include bulges,
which form upon insertion or deletion of a base, and tandem
mismatches. Bulges generally have a highly destabilizing

loop, but in some cases, they may have an overall effect
comparable to a single mismatch, especially in the case of
insertions since only one nearest-neighbor is lost (Yilmaz et al.
2012). Tandem mismatches are the equivalent of two adjacent
mismatches but are generally less destabilizing than two separate mismatches due to one less nearest neighbor being
eliminated (Table 1). For bulges and tandem mismatches, loop
ΔG° values have not been measured exhaustively, but systematic studies in RNA/RNA and DNA/DNA duplexes allow
reasonable estimations for all permutations (SantaLucia and
Hicks 2004; Turner and Mathews 2010). The only exception
is tandem mismatches in DNA/DNA, for which ΔG° values
are mostly approximated using theoretical rules (SantaLucia
and Hicks 2004). When there are multiple mismatches, as in
two separate mismatches (Table 1), their cumulative effect can
easily be approximated by summing up the ΔΔG° of individual components. In some cases, complex patterns may occur,
such as bulges with multiple insertions or deletions and three
adjacent mismatches making a large internal loop. Due to the
sheer number of possibilities in such cases, theoretical free
energy extrapolations are used rather than systematic measurements for different permutations (Jacobson and
Stockmayer 1950; SantaLucia and Hicks 2004; Turner and
Mathews 2010). All of these free energy rules are incorporated
into the software UNAFold (Markham and Zuker 2008) making it an ideal tool for predicting the ΔG° of DNA/DNA and
RNA/RNA duplexes. However, none of the motifs other than
single mismatches have been systematically studied in DNA/
RNA duplexes, and therefore, approximations are necessary
for hybridizations with RNA targets.
Another complication with mismatch stability is positional
effects. Typically, a central mismatch in a duplex is more
destabilizing than one closer to the terminals (Pozhitkov
et al. 2006; Urakawa et al. 2002). A mechanistic model that
explained positional effects observed in a microarray platform
was recently published by Yilmaz et al. (2012). According to
this model, a mismatch near one of the terminals creates an
alternative, thermodynamically more favorable state of the
duplex, wherein the bases at and after mismatch position
toward the nearest terminal remain unpaired. In cases where
the mismatch is within four nucleotides from a terminal, this
dangling state may have a more negative overall free energy
change than the zipped but mismatched duplex, explaining the
lessened effect of near-terminal mismatches on duplex stability. Computational tools that are capable of searching the
duplex state with the minimum free energy, such as UNAFold
(Markham and Zuker 2008) and ProbeMelt (Yilmaz et al.
2012), readily take this effect into account. However, it remains unknown whether the positional effect of mismatches
on free energy can be generalized to all possible applications.
Finally, all ΔG° information discussed in this section is
available together with the corresponding enthalpic (ΔH°)
and entropic (ΔS°) components, allowing the thermodynamic
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predictions to be made at different hybridization temperatures
based on the fundamental definition of Gibbs free energy
change (ΔG°=ΔH°−TΔS°). Because of specificity requirements, hybridizations are generally performed at a relatively
high stringency. If a denaturant like formamide is used for
stringency, instead of a temperature increase, then linear free
energy models that predict ΔG° values as a linear function of
denaturant concentration can be employed (Courtenay et al.
2000; Schellman 1978; Yilmaz and Noguera 2007).

Probe design for FISH applications
In the most widely used application of FISH, a DNA oligonucleotide probe is designed to target the rRNA molecule,
which may be present in thousands of copies per cell (Bakshi
et al. 2012). Most probes target the ssu rRNA, although there
are some commonly used probes that target the lsu rRNA. In
general, hybridizations in FISH are carried out with a denaturant and relatively long incubation times (>1 h), and therefore, equilibrium between probes and targets is obtained.
Many variations in FISH protocols (for a recent review, see
Wagner and Haider (2012)) have been developed to improve
the signal strength from hybridized probes, such as for detecting microorganisms with low ribosomal content (Fazi et al.
2008; Zwirglmaler et al. 2003) or to apply FISH to the
detection of low-copy messenger RNA (mRNA) instead of
rRNA (Pilhofer et al. 2009; Pratscher et al. 2009). Regardless
of the FISH application, the fundamental challenge of achieving high specificity, coverage, and sensitivity remains the
same.
The most widely used software for probe design for FISH
applications is ARB (Ludwig et al. 2004). Using ARB, designers can interactively select the sequences to be used in the
design, cluster them to define target and nontarget phylogenetic groups, search for sequence regions that are unique to the
targeted organisms, and identify potential target sites with
high coverage of the targeted group. To assess probe specificity, prediction of mismatch stability is provided in ARB as a
weighted mismatch (WM) score based on the type of mismatch and the corresponding perfect match (Strunk 2001).
This weighed approach essentially classifies mismatches into
two groups, having either weak or strong destabilizing effects,
but this qualitative classification is obviously oversimplified
given the complications of mismatch effects described in the
previous section. Yilmaz et al. (2008) compared ARB’s WM
approach with quantitative thermodynamic indicators of mismatched duplex stability and found a low correlation between
the default WM scores and experimental observations. Based
on these results, an updated set of WM scores were suggested
specifically for FISH probe design using ARB. However, it is
difficult to determine whether ARB users modify the WM
parameters or commonly use the default values. To address
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sensitivity, ARB designs probes to reach a sufficiently high
dissociation temperature predicted based on probe length and
GC content. In addition, for each probe candidate, the likelihood of a successful hybridization is evaluated using accessibility maps of the target molecule, which show the observed
accessibility of FISH probes to specific regions of ssu and lsu
rRNA in model organisms (Behrens et al. 2003; Fuchs et al.
2001; Fuchs et al. 1998). Thus, both specificity and sensitivity
are optimized by ARB based on empirical approaches rather
than on thermodynamic principles.
A significant advantage of ARB is that it seamlessly integrates with SILVA, a database that offers validation tools for
oligo design (Quast et al. 2013). For instance, SILVA offers a
TestProbe tool that is based on the ARB software. The user
can test a given probe against the SILVA database, while
configuring the number of allowed mismatches to the probe,
and also using weighted mismatches, similar to the WM
scores in ARB. The output offers a visualization of target
group coverage, as well as lists of sequences with mismatched
hybridizations showing the number and position of mismatches. A similar tool is available from the RDP website,
which allows the user to search for one or two probes for
matching sequences in the RDP database. The ProbeMatch
output shows the number and position of mismatches in each
sequence in a taxonomic hierarchy. These tools are particularly useful for quickly finding potential nontargets in the most
up-to-date rRNA databases.
An alternative design approach uses thermodynamicsbased mathematical models that simulate DNA/RNA hybridizations in silico (Yilmaz et al. 2008; Yilmaz and Noguera
2004; Yilmaz and Noguera 2007; Yilmaz et al. 2011). These
models are useful to evaluate the strength of matched and
mismatched duplexes, thus providing a uniform approach to
predicting probe sensitivity and specificity. In 2004, Yilmaz
and Noguera (2004) described the first thermodynamicsbased model of FISH (Fig. 2a). This model represented in situ
hybridizations as the equilibrium between three different reactions, namely the probe-template hybridization (DNA/
RNA), the self-folding of the probe (DNA/DNA), and the
self-folding of the target molecule (RNA/RNA). This initial
model helped explain observations of varying accessibility of
probes across the length of the ssu rRNA (Behrens et al. 2003;
Fuchs et al. 2001; Fuchs et al. 1998). Rather than supporting
the hypothesis that probe accessibility was a function of
factors external to the hybridization reactions, the thermodynamic model showed that it was possible to effectively
target all sites of the ssu rRNA by designing a probe with
adequate binding strength (Okten et al. 2012; Yilmaz et al.
2006). Notably, this discovery meant that probe design did not
need to be limited to specific regions of the ssu rRNA. These
findings also suggested that the thermodynamic concepts for
probe design should be applicable when targeting other RNA
molecules in situ (e.g., lsu rRNA, mRNA), as the level of the
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Fig. 2 a Mechanistic model of hybridization in FISH showing the three
competing reactions of probe-folding, target-folding, and probe-target
duplex formation. b Histogram of ΔG°overall at 0 % formamide for the
658 probes used for FISH available from probeBase. ΔG°overall was

calculated for each probe against all the perfect match targets in the
RDP using DECIPHER (Wright et al. 2014a). The median ΔG°overall
for each probe was used to make the histogram. Most of the probes have
high predicted hybridization efficiency based on their ΔG°overall

complexity of molecular interactions (RNA-RNA and RNAprotein) that could cause inaccessibility in these targets is
similar to or less than those of the ssu rRNA.
With the in silico FISH model (Fig. 2), an overall thermodynamic affinity term (ΔG°overall) can be calculated based on
the free energy change of the individual reactions (ΔG°1, the
free energy change associated with probe-target duplex formation; ΔG°2, the free energy change associated with probe
self-folding; and ΔG°3, the free energy change associated with
target self-folding). For hybridization temperatures and probe
concentrations typically used in FISH (i.e., 46 °C and 0.25 to
1.0 μM probe concentration), Yilmaz and Noguera (2004)
proposed that a threshold of ΔG°overall <−13 kcal/mole should
be maintained to achieve efficient hybridization. Probes with
higher (less negative) ΔG°overall values would result in lower
hybridization efficiencies, and therefore dimmer signals, because the target sites would be less saturated with probes at
equilibrium (Fig. 2b). An analysis of designed FISH probes
catalogued in probeBase (Loy et al. 2007) validated both this
threshold and the free energy-hybridization efficiency relationship, as the mean ΔG°overall for 658 probes targeting the
16S rRNA was −13.2 kcal/mol, with most probes falling
between −8 and −18 kcal/mol (Fig. 2b).
Two important updates to the mechanistic model were later
provided. Yilmaz and Noguera (2007) extended the model to
include the effect of formamide, the denaturant typically used to
control stringency of hybridization in FISH, on ΔG°overall. The
extension was based on establishing the linear free energy
relationship (Courtenay et al. 2000; Schellman 1978) between
formamide and ΔG° values in each reaction. Later, Yilmaz et al.
(2008) proposed an approach and metrics to calculate the effect
of mismatches on the hybridization efficiency of probes in
FISH. Specifically, the destabilizing effect of mismatches was
evaluated with ΔΔG°1, the increase in the free energy change of
reaction 1, the probe-target duplex formation, upon the insertion of mismatches (see above). Since a comprehensive dataset
of internal loop parameters for DNA/RNA mismatches does
not exist, Yilmaz et al. (2008) suggested that the effect of
mismatches in DNA/RNA hybridizations could be estimated
from the average of the destabilizing effects of similar

mismatches in DNA/DNA and RNA/RNA duplexes. Combining this calculation with the overall hybridization scheme including the two other reactions and the linear model for the
effect of formamide, they proposed ΔFAm as a key metric to
estimate the destabilizing effect of mismatches. ΔFAm can be
calculated as the difference in the formamide melting point
(FAm) of the perfectly matched probe and the probe with
mismatches (Yilmaz et al. 2008), which is analogous to the
offset between the target and nontarget curves in Fig. 1. A value
of ΔFAm greater than 20 % would suggest a sufficient separation to distinguish the perfect match from the mismatched
duplex, and therefore, that it would be possible to optimize
the experimental conditions to eliminate signal from the
mismatched nontargets while maintaining high signal strength
from the perfectly matched target organism. Yilmaz et al.
(2008) also proposed ΔΔG°1 alone as an alternative metric to
evaluate the effect of a mismatch. The advantage of this metric
is that it is only dependent of the probe/target duplex, and
therefore, calculation of probe and target folding is not necessary, thus providing a computationally efficient alternative to
ΔFAm.
All aspects of the Yilmaz and Noguera model (Yilmaz et al.
2008; Yilmaz and Noguera 2004; Yilmaz and Noguera 2007)
were synthesized into mathFISH (Yilmaz et al. 2011), an
online tool for the simulation of probe/target hybridizations
that included the effects of formamide and mismatches. The
web tool is useful to evaluate the thermodynamic affinity of
probes designed based on sequence comparisons and empirical approaches (e.g., by ARB; see above) using potential
target and nontarget RNA sequences and compare the probespecific values with recommended thresholds for sensitivity
(ΔG°overall <−13 kcal/mole), or specificity (e.g., ΔFAm
>20 %). Probe length may need to be readjusted, or a different
target site used, if some of the thermodynamic criteria are not
met. An important limitation of mathFISH is that it was
designed to analyze only one probe and one target site. Thus,
it can be used as a tool within a probe design process, but it is
not a software that enables probe design.
Another online tool that can be used to evaluate designed
probes is ProbeCheck (Loy et al. 2008), which integrates the
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different aspects of probe design that have been developed
throughout the years. The ProbeCheck website accepts userdefined probes and can query them against a user-selected
database (e.g., RDP, SILVA, or Greengenes) using ARB’s
ProbeMatch tool. For specificity estimations, it uses the default
WM parameters of ARB, allowing up to four mismatches to be
present in the duplex. In addition, it calculates the free energy
change of the matched and mismatched hybridizations using
the two-state hybridization algorithm in UNAFold (Markham
and Zuker 2008), which is based on free energy parameters in
DNA/DNA hybridizations. Although this is conceptually similar to the ΔΔG°1 term defined by Yilmaz et al. (2008), the use
of DNA/DNA rules alone for DNA/RNA interactions in FISH
may not always give accurate estimates since DNA/DNA and
DNA/RNA interactions have significant thermodynamic differences (Turner 2000).
McIlroy et al. (2011) identified a particular case of mismatched hybridizations in FISH that were not adequately
considered by either ARB or ProbeCheck. When the probe
and the target form a mismatched duplex that contains a bulge,
ARB and ProbeCheck interpret the duplex as having multiple
mismatches instead of a single bulge. Therefore, during probe
design, such potential hybridizations are not considered.
McIlroy et al. (2011) demonstrated that such bulged mismatched hybridizations occur in practice, and using nearest
neighbor data for RNA/RNA hybridizations with bulges
(Znosko et al. 2002), they calculated the effect of the bulge
(ΔG°bulge) in the hybridization. They created the LOOPOUT
program (McIlroy et al. 2011) to calculate ΔG°bulge (also
conceptually equivalent to ΔΔG°1 defined by Yilmaz et al.
(2008)) and suggested that a ΔG°bulge of less than 4 kcal/mole
is not sufficiently destabilizing to prevent a high chance of
hybridization.
In the most recent update to the thermodynamic models of in
situ hybridization, Wright et al. (2014a) have developed a
comprehensive tool to design FISH probes. The Design Probes
web tool, which is part of the DECIPHER (Wright 2012)
software package, includes the algorithms of mathFISH to
assess probe sensitivity, except that it allows users to design
probes with a hybridization efficiency as low as 50 % (corresponds to ΔG°overall ~−10 kcal/mole). To address specificity,
Design Probes simplifies the reaction scheme to having the
probe-target hybridization as a single reaction but modifies the
free energy (ΔG°1) to take into account the effect of the competing self-folding reactions. This change increased the computational efficiency by three orders of magnitude without
compromising accuracy, thus allowing a comprehensive search
for all potential nontarget duplexes in large databases using
thermodynamic principles (Wright et al. 2014a). The Design
Probes tool accepts a user-defined set of target and nontarget
sequences and finds the target sites that provide the highest
coverage of the target group while allowing for degenerate
probes. It then outputs the probes with the highest specificity
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based on ΔFAm calculations for all potential nontargets, regardless of the number of mismatches present. Importantly, the
presence of bulges in mismatched probes is taken into account
in the calculation of ΔFAm. Furthermore, Design Probes is the
only software that allows the user to design dual probe sets by
finding the best combination of two single probes to minimize
nontarget cross-hybridizations. Since many single probes are
not sufficient to discriminate targets from nontargets due to
numerous potential false positives, a realistic approach for the
accurate identification of some microbial targets with FISH is to
design a complementary pair of optimized probes and hybridize
them simultaneously (Wright et al. 2014a).

Primer design for PCR applications
Detection and quantification of microorganisms by PCR or
qPCR requires the design of oligonucleotide primers that are
specific to the organisms of interest, provide high coverage of
the intended target templates, and allow the development of
protocols with high sensitivity (Zhang and Fang 2006). Since
primer design is a common task in many fields, several primer
design programs that use thermodynamic approaches to evaluate primer/template hybridizations are readily available (Applied Biosystems 2004; Untergasser et al. 2012; Untergasser
et al. 2007; Ye et al. 2012). The general criteria for PCR
primer design is that both primers should have similar melting
temperature, moderately balanced GC content, and avoid selfcomplementarity (Ye et al. 2012). Runs of a single base and di/
tri-nucleotide repeats should be avoided as they may result in
false priming due to entropic effects. Other major considerations are amplicon length, amplification efficiency, and
avoiding cross-amplification of nontarget templates. Additional criteria are used when measuring transcript abundance
after reverse transcription, to avoid amplification of genomic
DNA (Arvidsson et al. 2008).
The most common procedure for detecting amplicons in
qPCR is to use a dye that increases fluorescence in the presence
of double-stranded DNA, such as SYBR Green (Gudnason
et al. 2007; Wittwer et al. 1997). Alternatively, the amplification
of templates can be monitored with a fluorescently labeled
oligonucleotide probe that is designed to target the template
region between forward and reverse primers. TaqMan probes
will bind to amplified targets and generate a fluorescence
response after being degraded by the 5′ nuclease action of
Taq polymerase (Livak 1999). A modification of the TaqMan
probe introduces a minor groove binder (Kutyavin et al. 2000),
which is a tripeptide linked to the 3′-end of the TaqMan probe
that folds back onto the probe and increases stability of the
duplex. This increased stability offers the possibility of designing a shorter probe, thus improving specificity. Molecular
beacons are another type of reporter molecule for qPCR, designed to form a hairpin structure that will only allow the probe
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to fluoresce when bound to the template (Tyagi and Kramer
1996). The advantage of probe-based approaches to quantifying template abundances is that a third oligo allows for increased specificity in design, and different-colored dyes can be
used to monitor the amplification of multiple targets in the same
polymerase chain reaction (Baldwin et al. 2003; Weller et al.
2000).
One of the most widely used programs for primer design is
Primer3 (Untergasser et al. 2012; Untergasser et al. 2007),
which is available as a web tool (Untergasser et al. 2007), and
has been incorporated into other primer design programs
(Arvidsson et al. 2008; Ye et al. 2012). In the web interface,
the user can specify a multitude of parameters, depending on
the intended application. In addition, the program offers the
possibility of designing an internal oligo along with a pair of
primers, which is useful for protocols where reporter fluorescence comes from the internal probe. Primer3 only provides
optimized primer pair designs for a single user-defined template and therefore does not assess the specificity of the primer
pair. If qPCR is being used to determine transcript abundance
for a single organism, then the specificity of the primer pair
would need to be evaluated against similar regions within the
genome. The software QuantPrime (Arvidsson et al. 2008) has
been developed to address this issue, and it combines primer
pair design using Primer3 with additional filters that remove
design options with the potential to cause false positive amplifications, including the possibility of amplifying genomic
DNA when measuring mRNA transcript abundance. However, the QuantPrime database only has sequences for a limited
number of organisms.
The design of primers with high specificity when the
template DNA contains homologous genes from other organisms is a challenging but necessary task in microbial ecology
applications. To date, there is no unified strategy to achieve
this goal, and researchers use different approaches that partially rely on using software to identify potential target sites
that are conserved for the targeted organisms and have several
mismatches to nontarget organisms. Then, time-consuming
trial and error approaches are used to test the quality of
different primer sets, often using samples containing the
targeted organisms and controls without the targets. More
recently, three different programs have been developed to
more comprehensively address this challenge.
The Sequence-Specific Primer Design (SSPD) algorithm
of PRIMEGENS3 (Kushwaha et al. 2011) uses a userspecified database of sequences in conjunction with Primer3
and Megablast (Morgulis et al. 2008) to identify potential
primer pairs and then filter them to eliminate potential crosshybridizations identified by sequence similarity. Likewise,
Primer-BLAST (Ye et al. 2012) identifies candidate primer
pairs using Primer3 and then uses a combination of local and
global alignment algorithms to identify potential crosshybridizations in reference databases available from NCBI.
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In this case, the specificity determination is based on a userdefined number of mismatches in the primer/template duplex
and the number of mismatches in the 3′-end region.
The DECIPHER software (Wright 2012) uses its own
primer design algorithm (Wright et al. 2014b), which is based
on a model incorporating the thermodynamic effect of mismatches on hybridization and the effect of 3′-end mismatches
on elongation. The authors define overall amplification efficiency as the product of hybridization and elongation efficiencies. In general, the hybridization efficiency of a perfect match
duplex decreases as the annealing temperature is increased,
which results in delayed amplification and a shallower amplification curve (Fig. 3a) since the hybridization efficiency
remains lower throughout the amplification cycle. Mismatched primers will incur an initial decrease in hybridization
efficiency (causing amplification delay), but as each cycle
produces new perfectly matched templates, the overall slope
of the amplification curve is not altered (Fig. 3b). Elongation
efficiency is relatively independent of temperature and represents the fraction of mismatched templates that are elongated
in each cycle of PCR. Lowering elongation efficiency causes
further delays in amplification, but similar to central mismatches, it does not change the shape of the amplification
curve (Fig. 3b). In this manner, a primer with a central mismatch will only incur an initial decrease in hybridization
efficiency, whereas a primer with a mismatch located near
the 3′-end will typically suffer both a decrease in hybridization
efficiency and elongation efficiency. The DECIPHER software attempts to maximize amplification delays of crosshybridizations by designing primers with 3′-end mismatches
to nontarget sequences. Therefore, the combined hybridization and elongation efficiency approach allows the program to
generate candidate primers for user-defined DNA sequences
and then incorporate the effect of different mismatches located
near the 3′-end of the primer to improve primer specificity. In
this way, specificity is not only solely based on the number of
mismatches or their location but also incorporates the observation that Taq polymerase responds differently to different
types of mismatches located near the 3′-end of the primer
(Ayyadevara et al. 2000; Stadhouders et al. 2010). The Design
Primers tool of DECIPHER is accessible through a web
interface, which allows the user to specify whether to use the
effect of mismatches on elongation efficiency or only hybridization efficiency when determining primer specificity.
An approach known as TaqMAMA further harnesses the
delay incurred by 3′-end mismatches by inducing an artificial
mismatch at the penultimate position of the primer sequence
(Cha et al. 1992). This approach takes advantage of the
nonlinear effect of multiple mismatches located near the 3′end on the extension rate of primers by Taq polymerase. The
added mismatch often results in a small amplification delay
for target sequences (1 mismatch) but causes a much greater
delay for nontarget sequences (≥2 mismatches). This approach

Appl Microbiol Biotechnol (2014) 98:9595–9608

9603

Fig. 3 Illustration of the effect of a increasing annealing temperature and
b decreasing elongation efficiency on PCR amplification. a With perfect
match primers, increasing the annealing temperature results in shallower
slopes during PCR amplification as hybridization efficiency drops below
100 % and remains low throughout the amplification cycle. b In primers
with mismatches, the unfavorable mismatches delay amplification but do
not change the slope of the amplification curve. Although the initial

templates have mismatches to the primer that decrease the hybridization
efficiency, subsequent copies include the primer sequence and are therefore amplified with the same efficiency as the perfect match template.
Unfavorable mismatches at the 3′-end cause increased delays in amplification as the probability of elongation decreases simultaneously with a
decrease in hybridization efficiency

has been shown to allow discrimination of single nucleotide
polymorphisms (SNPs) with PCR (Li et al. 2004). Wright
et al. (2014b) adapted this approach by moving the mismatch
further away from the 3′-end, which had the same effect on
nontargets, but lessened the effect on target amplification. The
DECIPHER software is also able to design primers with
induced mismatches at the 3′-end, which may be useful in
cases where adequate specificity cannot be obtained with
standard perfect match primer sequences.

(DeSantis et al. 2007), a microarray that uses 16S rRNA
targeted oligos, is specifically designed for the Affymetrix
platform and uses Affymetrix-specific approaches to differentiate true and false positive identifications. Until recently,
NimbleGen manufactured high-density custom arrays with
user-defined probes, a platform that has also been used to
create phylogenetic chips with 16S rRNA oligos (Wright
et al. 2013). The literature also has many examples of
custom-designed phylogenetic microarrays that are
manufactured by spotting or printing the oligos onto glass
slides (Kelly et al. 2005; Liu et al. 2001; Loy et al. 2002;
Loy et al. 2005).
Many programs have been developed for oligonucleotide
probe design (Ilie et al. 2013; Li et al. 2005; Nielsen 2003;
Nordberg 2005; Rouillard 2003), although not all of them
have been used for the design of phylogenetic microarrays.
A comprehensive review and analysis of different probe design programs have been recently performed (Lemoine et al.
2009). In their review, Lemoine et al. (2009) discuss the
advantages and disadvantages of these programs, as well as
the different approaches used to consider sequence identity
and potential cross-hybridizations. The majority of the programs calculate sequence identities using a local alignment
algorithm, such as BLAST (Nielsen 2003; Rouillard 2003),
although drawbacks to this approach have been recently described (Ilie et al. 2013). Other programs use different algorithms for more accurate calculations of sequence identity,
such as global alignments or multiple spaced seeds (Ilie
et al. 2013; Li et al. 2005).
Oligonucleotide probes on phylogenetic microarrays are
typically designed to have similar melting temperatures based
on length and GC content. With spotted microarrays, where

Probe design for phylogenetic microarray applications
The design of probes for phylogenetic microarrays shares
many of the same principles as FISH probes and PCR primers,
where the goal is to detect specific targets with high specificity
and sensitivity. Phylogenetic microarrays have the added advantage that tens to hundreds of probes can be used to target a
single organism, enabling new design and analysis strategies
not available in other oligo applications in which specificity
and sensitivity depend on the performance of only one to three
oligos. Furthermore, as a high throughput platform, microarrays may contain oligos targeting many different groups, and
therefore, minimizing false positive identifications also requires additional considerations, which can be implemented
at the oligo design stage or in the post-hybridization processing of the data.
Another important difference between microarray applications and FISH or PCR is that the use of high-density microarrays is highly dependent on the manufacturer’s overall strategies and instrumentation. For instance, the phyloChip
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targets may be readily available, experimental optimization of
hybridization and wash conditions is performed to find the
right balance of sensitivity and specificity. In some cases, the
optimization relies on understanding the kinetics of denaturation of mismatched probes, which could be denatured under
constant stringent conditions or with increasing stringency
during the denaturation process (Liu et al. 2001; Urakawa
et al. 2002). With high density microarrays possibly having
thousands to millions of probes in the array, experimental
optimization for each oligo is not an option, and therefore,
approaches to design millions of probes with similar hybridization characteristics are desirable.
Interestingly, given the complexity of the problem, many
attempts to model and predict the signal intensity from hybridized probes in phylogenetic microarrays concluded that
hybridization characteristics (i.e., signal intensity) of probes
designed for species discrimination could not be predicted
(Pozhitkov et al. 2006), suggesting that the actual mechanism
of probe-target hybridizations when the probes are attached to
a surface is not well understood (Halperin et al. 2005; Peterson
et al. 2001; Pozhitkov et al. 2007). Modeling approaches that
were reported to be successful used the concept of adsorption
isotherms to describe the relationship between target concentration and the fraction of target-bound probes. In particular,
the Langmuir isotherm model, which assumes that saturation
of the probes by the targets can be reached, is the most
commonly used model to predict signal intensity from hybridized probes (Binder et al. 2005; Burden et al. 2004; Held et al.
2003; Hooyberghs et al. 2009).
In a departure from the Langmuir model and inspired by
the approaches used in FISH for discrimination of targets
and nontargets by increasing the stringency of the hybridization buffer (Fig. 1), Yilmaz et al. (2012) developed a
linear free energy model (LFEM) of probe hybridization
targeting the prediction of equilibrium denaturation profiles
when the stringency of the hybridization buffer was increased. In their model, rather than attempting to predict
signal intensity, the focus is on predicting the melting point
of duplexes when formamide is used as the denaturant in
the hybridization buffer. Using high-density NimbleGen
custom microarrays, they obtained thousands of formamide
curves for perfectly matched and mismatched probes and
obtained basic thermodynamic parameters for nearestneighbors and the different types of mismatches that could
be expected when designing probes for differentiation of
closely related phylogenetic groups (i.e., single mismatches, tandem mismatches, bulges, and the effect of
position of the mismatch on the duplex), which then enable
a prediction of potential cross-hybridizations for every
probe in the microarray. All of these parameters are used
in tools on the DECIPHER website to calculate the ΔG° for
any probe/target duplex with or without mismatches
(ProbeMelt tool) and to design multiple probes targeting a
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set of user-defined groups of sequences while minimizing
nontarget hybridizations (Design Array tool).
The massively parallel nature of DNA microarrays enables
more sophisticated analysis methods than possible with single
oligos alone. For example, Wright et al. (2013) represented
each probe with an equation, whereby the amount of probe
signal was a combination of the hybridization efficiencies of
each target with that probe. Hybridization of the entire array
can therefore be represented by a system of equations
representing the hybridization of every probe to each potential
target. This system of equations can be solved using standard
linear algebra methods, such as nonnegative least squares, to
determine the contribution of each target to the observed
hybridization signal. This approach resulted in far fewer false
positives than simpler analysis approaches when analyzing the
signals obtained from a custom DNA microarray (Wright et al.
2013). This approach is detailed in the vignette “Designing
Group-Specific Microarray Probes” available with the DECIPHER package for the R programming language (Wright
2012).

Conclusions and future directions
The selective detection and quantification of specific organisms within a microbial community that contains closely
related nontarget organisms is a prevalent challenge in microbial ecology research. FISH, qPCR, and microarrays are common approaches requiring specific detection of organisms of
interest for accurate identification and quantification. In all of
these cases, oligonucleotides that are phylogenetically specific
to the target organisms need to be designed. The recent creation of thermodynamic-based models for the design of oligos
for these applications has transformed the design process from
an empirical approach requiring extensive trial and error to a
more mechanistic and uniform design. In turn, the new models
have accelerated the evolution of these applications to take
advantage of continuously expanding databases of phylogenetic markers.
Critical in the assessment of oligo specificity is the ability
to predict potential cross-hybridizations with mismatched
templates that result in false positive identifications. All oligo
design applications could continue to benefit from improvements in predictive parameters for mismatched hybridizations.
Although current models are predictive enough to be useful in
practice, it is our hope that new high-throughput techniques
will offer a means of obtaining mismatched thermodynamic
parameters in masse. In particular, there is room for improvement in predicting hybridization efficiencies of mismatched
FISH probes, since DNA/RNA loop parameters are incomplete and FISH hybridizations employ formamide instead of
temperature as a denaturant. Similarly, PCR applications may
benefit from more systematic studies on DNA motifs for
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which in solution free energy rules are still oversimplified,
such as in tandem mismatches, and from more complete
datasets to predict the effect that mismatches near the 3′-end
of a primer have on elongation efficiency.
Furthermore, most of the modeling advances that were
described in this review are based on hybridizations with
DNA oligos and are therefore not necessarily applicable when
using alternative oligos such as peptide nucleic acids (PNA),
locked nucleic acids (LNA), or even RNA oligos for particular
applications (Karkare and Bhatnagar 2006; Perry-O’Keefe
et al. 2001; Rosenthal et al. 2013; Silahtaroglu et al. 2004).
Finally, as novel and more creative applications of nucleic
acid probes and primers are developed, mathematical models
that help in the process of oligo design will also need to evolve
to embrace the new challenges. For instance, the recent description of the application of RNA probes for in situ hybridizations to mRNA (Rosenthal et al. 2013) using linear amplification of fluorescent signal by cascade reactions (Dirks and
Pierce 2004), the use of forced intercalation probes in FISH
(Bethge et al. 2008), or high resolution melt analyses for
qPCR applications (Rasmussen et al. 2007; Schwartz et al.
2009) highlight the need to continue the quest for better
predicting interactions of oligos with matched and mismatched templates. In turn, improvements in thermodynamic
models and oligo design will continue to extend the boundaries of how oligos can be applied in the future.
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