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When comparing environmental sequences with fully identified reference sequences,

a common practice has been to rely on threshold values for sequence similarity. We

develop a modelling approach that utilizes the self-consistency of the reference database

to transfer sequence similarity to the probability of correct identification to a given taxo-

nomic level. We model separately the probability of the focal species being in the reference

database, and the probability that the best BLAST hit is correct, conditional on the species

being in the reference database. We illustrate our approach in the context of 454

sequencing data on dead wood-inhabiting fungi, with a reference database containing

2 262 ITS-sequences of 1 145 species. We compare the species communities observed by 454

pyrosequencing, DGGE fingerprinting and fruit-body inventory. High-throughput

sequencing calls for automated species identification with adequate assessment of

identification error. Our results highlight that this is possible if a high-quality reference

database with broad coverage is available.

ª 2010 Elsevier Ltd and The British Mycological Society. All rights reserved.
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(poroid Aphyllophorales; ca. 260 species) have been classified

as threatened or near threatened (Rassi et al. 2001, Gärdenfors

2005), mainly because intensive forest management has

reduced the availability of dead wood. So far, almost all field

studies on wood-inhabiting fungi have been based on time-

consuming and costly fruit body inventories. Due to

temporal variation in occurrence of fruit bodies, a substantial

proportion of the fungal community is not visible at a given

point in time (Berglund et al. 2005; Porter et al. 2008), especially

for species with annual fruit bodies which are not necessarily

formed every year. The more readily observable perennial

fruit bodies offer only a partial proxy for the diversity of the

species with annual fruit bodies (Halme et al. 2009). Gaining

a complete picture of species’ distribution and prevalence

would thus require studying also the mycelial stage inside

dead wood. The aim of this paper is to test the feasibility of

high-throughput sequencing and molecular identification to

census species from environmental saw-dust samples.

The internal transcribed spacer (ITS) regionofrDNA hasbeen

widely used for molecular identification of fungi (Kõljalg et al.

2005; Peay et al. 2008; Ryberg et al. 2008), largely because of its

relatively low level of intraspecific variation compared to high

level of interspecific variation (Nilsson et al. 2008). Methods

utilizing the ITS for fungal community identification from

environmental samples include RFLP (restriction fragment

length polymorphism, Karen et al. 1997; Johannesson & Stenlid

1999; Jasalavich et al. 2000), T-RFLP (terminal restriction frag-

ment length polymorphism, Allmér et al. 2006), DGGE (dena-

turing gradient gel electrophoresis, Vainio & Hantula 2000),

TGGE (temperature gradient gel electrophoresis, Kulhankova

et al. 2006) and cloning combined with sequencing (Menkis

et al. 2005; Kwasna et al. 2008). These methods have been

successfully applied for describing patterns of fungal diversity

and community turnover, but identifying all the individual

species present in a given sample remains a challenge.

Recent advances in next generation sequencing platforms

are making it increasingly feasible to obtain a high number of

sequences with reasonable cost and workload, with first appli-

cationsof454 pyrosequencing to fungalcommunities startingto

emerge (Buée et al. 2009; Jumpponen & Jones 2009). The

amount of data generated by high-throughput sequencing,

however, brings forth challenges for the analysis phase, and

automated methods for data management and analysis become

a necessity (Markowitz et al. 2006; Raes et al. 2007). Software that

has been developed to aid in species identification include

MEGAN (Huson et al. 2007) which classifies DNA fragments

based on a lowest common ancestor algorithm, and CARMA

(Krause et al. 2008) which utilizes the Pfam database (Finn et al.

2008) for placing the sequences in phylogenetic trees.

One of the most fundamental questions in algorithmic

species identification concerns the reliability of the results. In

the context of sequence similarity comparison, a common

practice has been to set a threshold level (e.g., 97% similarity,

Kwasna et al. 2008) below which the identifications are

considered unreliable. Intraspecific variability, however,

differs substantially among different groups of fungi (Nilsson

et al. 2008; Hughes et al. 2009), and consequently taxon-specific

threshold levels have been applied (Menkis et al. 2005). It is

clear that even if sequence similarity is above the threshold,

the identification is not 100% reliable. Conversely, if sequence
similarity is below the threshold, it is still possible that the

query sequence and the reference sequence represent the

same taxonomical unit. We thus argue that a less context-

dependent approach would be to estimate the probability

that the proposed identification is correct.

Probabilistic models have been developed for classification

and identification problems in bacterial taxonomy (for review,

see Gyllenberg & Koski 2001), where traditional approaches

based on morphology are not feasible. However, probabilistic

methods have seldom been applied to the molecular identifi-

cation of higher taxa. In this paper, we take a step towards

systematic and automated assessment of the reliability of

fungal identifications from sequence data. Our method is

tailored for environmental samples that represent a well

defined species community for which a high coverage refer-

ence database is available, and it thus complements the

general-purpose tools implemented in e.g., CARMA and

MEGAN. We utilize the internal consistency of the reference

database to model the probability of correct identification to

a given taxonomical level, such as species or genus. The

application of our approach requires the availability of

multiple reference sequences for some of the species included

in the database. We develop our approach in the context of the

sequence similarity software suite NCBI–BLAST (Altschul et al.

1997), but it could be applied to any other algorithm that

scores the similarity of the query sequence against sequences

included in a reference database.

We illustrate our approach using spruce-associated wood-

inhabiting fungi in Fennoscandia as a case study. We

compiled a reference database for this target group with 2 262

ITS-sequences of 1 145 distinct species. We apply the statis-

tical methods developed here to small-scale pilot data

obtained by a combination of 454 pyrosequencing, DGGE

analysis, and fruit-body inventory. While our main focus is in

the reliability of species identification, we also examine what

kind of sampling design would adequately represent the

species diversity in dead wood.
Materials and methods

Reference database

We constructed a database of fully identified ITS-sequences of

wood-inhabiting fungi, in particular the species associated

with Norway spruce (Picea abies). The database, referred to as

SAF (spruce-associated fungi), includes 443 species of poly-

pores, corticioids, agarics, and hydnoid and stereoid fungi

occurring in Northern Europe (Knudsen & Vesterholt 2008).

The species (see Supplementary material for a list of the

species included) are represented by 615 sequences, multiple

sequences per species being present especially for the

common species. We combined the SAF database with the

UNITE database (Kõljalg et al. 2005) containing 1 647 ITS-

sequences of 711 species of ectomycorrhizal asco- and

basidiomycetes. The two databases share nine species, thus

the total number of species is 1 145. The original number of

sequences was larger than the 2 262 sequences included here,

but we excluded all sequences with potential quality prob-

lems. The taxonomic and nomenclatural aspects of the
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database were streamlined following Hansen & Knudsen

(1997), Knudsen & Vesterholt (2008) and Niemelä (2005),

except for the genera Cortinarius, Laccaria and Amanita, for

which the species-level nomenclature and taxonomy remain

in a state of flux (e.g., Froslev et al. 2005; Geml et al. 2006).
Modelling the probability of correct identification

We applied the NCBI–BLAST algorithm to match environ-

mental ITS1-sequences (termed query sequences) to the

reference sequences contained in the SAF–UNITE database.

Our main aim was to identify the species represented by the

query sequences, and to assess the reliability of the identifi-

cations either to the species level or to the genus level.

However, the BLAST algorithm simply provides the sequence

similarity between the query sequence and the reference

sequences, and thus does not directly indicate how reliably

the best matching reference sequence belongs to the same

species (or genus) than the query sequence. We develop

a simple statistical model that translates sequence similarity

to the probability of correct identification, and parameterize

the model by testing how frequently the BLAST search

correctly identifies query sequences of known species.

Assume that a query sequence s representing an unknown

species is compared for similarity using BLAST against

a reference database R, returning as the best BLAST result

a reference sequence i˛R and an associated quality index q. By

‘‘correct identification’’ we mean that the query sequence s

and the best matching reference sequence i represent the

same taxonomic unit. We may consider if the identification is

correct to any taxonomic level, such as species or genus. The

quality index q is the explanatory variable that we use in

logistic regression to model the probability of correct identi-

fication. The quality index q can include any information that

is useful in assessing the likelihood of correct identification,

such as the high-scoring segment pairs (HSP) score or the

length of the query sequence. To transform the quality index q

into a probability of correct identification, we decompose the

probability that the BLAST result is correct as

Pðs ¼ ijqÞ ¼ Pðs ¼ ijq; s˛RÞPðs˛RjqÞ: (1)

Here Pðs ¼ ijq; s˛RÞ is the probability that the BLAST result is

correct, conditional on the quality index q and the assumption

that the unknown species s is in the database, whereas the

second component Pðs ¼ RjqÞ represents the probability that

the unknown species s is in the database, conditional on the

quality index q.

Both of the above probabilities can be estimated if multiple

sequences are available for the species included in the refer-

ence database. We first simplified the combined SAF–UNITE

reference database so that it contained only one sequence

representing each of the 1 145 species, and then compared the

remaining 1 117 additional sequences against the simplified

database using BLAST. To examine the effect of sequence

length, we used query sequences of length 150, 200, ., 550,

600 bp. As our environmental data come from the ITS1-region,

in the main analysis we cut these query sequences from the

beginning of the ITS1-region (starting from the end of the

primer ITS1F). To examine the effect of the genetic region, we

repeated the analyses with cutting the sequences from the
beginning of the ITS2-region (starting from the end of the

primer 58SF).

We included the following explanatory variables in the

quality index q:

The overlapping length of the query sequence and the

reference sequence (termed length); the HSP score divided by

the overlapping length of the sample and reference sequences

(termed identity); the difference between the best BLAST hit

and the second best BLAST hit, calculated as the difference in

the HSP scores divided by the length of the best BLAST hit

(termed gap); a class variable indicating if the best BLAST hit

was from the SAF database (database¼ 1) or from the UNITE

database (database¼ 0). For the case of species-level analyses,

a class variable indicating if the best BLAST hit belonged to

a genus within which the classification or the nomenclature of

species were considered unclear ( problematic genus¼ 1 for the

genera Cortinarius, Laccaria and Amanita, otherwise problematic

genus¼ 0).

We estimated the probability Pðs ¼ ijq; s˛RÞ with Bayesian

logistic regression by letting the response variable be one if

the species was identified correctly (BLAST returned the same

species) and zero if the species was misidentified. To estimate

the probability Pðs ¼ RjqÞ, we generated BLAST results for

cases in which the species represented by the query sequence

was or was not present in the reference database. To obtain

BLAST results of the latter type, we removed the focal species

(or in case of genus-level analyses, all species representing the

focal genus) from the reference database. Our aim was to use

this method to identify dead wood associated fungi (poly-

pores, corticioids, and ectomycorrhizal asco- and basidiomy-

cetes) from environmental samples originating from spruce

logs in Southern Finland. We assumed that within this target

group, a species represented by a typical environmental

sequence was included in the SAF–UNITE database with 80%

probability, and we thus weighted in the logistic regression for

Pðs ¼ RjqÞ the two types of samples by 0.8 and 0.2. For the

genus-level analyses, we used the weights 0.9 and 0.1.

Environmental samples

In Mar. 2008, we sampled saw-dust from four spruce logs,

using a 10 mm electric drill, in a protected semi-natural

spruce-dominated forest 30 km north of Helsinki (Rörstrand,

Sipoo) in Finland. The four logs, referred to as A, B, C and D,

were 30–36 cm in diameter, and covered the range of decay

classes from 1b to 4 (cf. Hottola & Siitonen 2008). Tree bark and

epiphytes were removed from the drilling points prior to the

sampling. The logs A, B and C were sampled at 0.3 m and 1.3 m

from the base and then at 3 m intervals, whereas log D was

sampled throughout at 1 m intervals. The number of samples

depended on the length of the log, leading to 10 drilling points

for logs A and B, eight drilling points for log C, and 23 drilling

points for log D. The resulting 51 samples were kept separate

for the DGGE analysis but combined into eight pooled samples

for the 454 sequencing. For the latter case, samples 1 and 2

consisted of the material from one drilling point at breast

height (1.3 m) for the logs A and B, respectively. Samples 3–6

were bulk samples originating from 0.3 m, 1.3 m, and then at

3 m intervals for the logs A–D, respectively. Sample 7 included

material from all 1 m interval drilling points of log D. Sample 8
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was a composite sample including material from all 51 drilling

points.

All logs were inspected for fruit bodies of polypore species.

The fruit body inventory was conducted twice (Mar. and Sep.

2008) to account for species-specific variation in timing and

duration of fruiting. Fruit bodies that could not be reliably

identified in the field were collected for microscopical species

identification.

DNA extraction and PCR

Saw-dust from each drilling point was stored at �20 �C. DNA

extraction from 150 to 250 mg (fresh weight) samples was

carried out using Power Soil DNA isolation kit (MoBio Labo-

ratories, USA). Release of DNA was performed using FastPrep

cell disrupter (Qbiogene, France) for 3� 20 s at 4 m s�1 and

incubation for 30 min at 65 �C. Samples were amplified with 25

cycles using Phusion enzyme (Funnymen Ltd, Finland) prior to

454 sequencing and 35 prior to DGGE with the primers ITS1F

(Gardes & Bruns 1993) and ITS2 (White et al. 1990).

454 sequencing

Each sample was marked with a specific tag sequence (Tag

1¼AGCAGC, Tag 2¼TACAGC, Tag 3¼TAGCTA, Tag 4¼TCT

GTA, Tag 5¼ACAGCT, Tag 6¼CTACTG, Tag 7¼CAGCTC, Tag

8¼TGTACG) incorporated in the primers. The PCR reactions

were purified separately with Ampure (Agencourt Bioscience

Corporation, USA) and the products were quantified with

Nanodrop (Thermo Scientific, USA) and Bioanalyzer 2100

using DNA 1000 chips (Agilent Technologies, USA). One unit of

amplicon DNA was applied to the emulsion (EM) PCR based on

the Nanodrop result. One EM PCR tube for each sample was

used. The samples were mixed in the emulsion breaking and

the obtained 218 000 beads were sequenced using GC FLX.

Stringent analysis software settings were used for the

obtained sequences. Out of the total of 72 807 sequences, we

ignored sequences shorter than 150 bp, resulting in 62 214

sequences.

DGGE analyses

DGGE analyses were applied individually to all 51 samples in

addition to the eight pooled samples. The PCR amplification and

DGGE analysis were performed as in Korkama-Rajala et al.
Table 1 – Modelling the probability of correct identification to s
which the BLAST result is correct conditional on the target spe
probability that the target species is in the reference database (s
regression coefficients (median estimate and the 95% central h
model. The estimates for length have been multiplied by 1 000. R
region, see Supplementary material)

Model Level Database Identity

Pðs ¼ ijq; s˛RÞ Species �0.8 (�1.0, �0.6) 2.8 (2.3, 3.2)

Pðs ¼ ijq; s˛RÞ Genus �1.4 (�1.8, �1.0) 2.9 (2.1, 3.8)

Pðs˛RjqÞ Species 0.19 (0.10, 0.28) 6.6 (6.4, 6.8)

Pðs˛RjqÞ Genus 0.05 (� 0.05, 0.14) 12.0 (11.8, 12.2)
(2008). DGGE gels were analyzed using GelCompar II software

(Applied Maths, Sint-Martems-Latem, Belgium). Representative

DGGE-bands of each mobility group were excised, re-amplified

with a reduced number of cycles (25) and re-run in DGGE.

Single-banded samples were amplified with a primer pair

ITS1F–ITS2, purified (High Pure PCR Purification Kit, Roche,

Mannheim, Germany) and sequenced with SEQ 8000 DNA

analysis system using Quick Start kit (Beckman Coulter Inc.,

USA). The sequences obtained from the DGGE-bands were

manually checked and edited using the BioEdit Sequence

Alignment Editor (Hall 1999).
Identifying the environmental sequences

We applied the NCBI–BLAST algorithm to compare the envi-

ronmental sequences (with primers removed) against the

SAF–UNITE database and the GenBank database (Benson et al.

2009). To avoid the possible homopolymer bias generated by

454 sequencing, we truncated all homopolymers to at most

4 bp for both the environmental sequences and for the

SAF–UNITE reference database, and set the low complexity

filtering on for the BLAST search. We estimated for each query

sequence the probability of correct identification to the

species level and to the genus level using the statistical model

described above. The pipeline was implemented using Bio-

python modules with a standalone BLAST-server. The source

code is available (see Supplementary material).
Results

Probability of correct identification

Based on the ITS1-region, the conditional probability of correct

identification Pðs ¼ ijq; s˛RÞ increased with identity and gap

(Table 1, Fig 1) for both the species-level and the genus-level

analyses. Thus, when using a known sequence (a multiple

sequence extracted from the SAF database) as a query

sequence, the best BLAST hit went to the correct species in

cases for which the sequence similarity of the best match was

high (high identity) and the sequence similarity of the second

best hit was low (high gap). The length of the sequence had only

minor predictive power. As expected, the probability

Pðs ¼ ijq; s˛RÞwas lower for the genera that were identified as

problematic. Excluding these three genera (present only in
pecies or to genus level. Pðs[ijq; s˛RÞ is the probability by
cies being in the reference database and Pðs[RjqÞ is the
ee Material and methods). The values in the table show the
ighest posterior density interval) of the logistic regression
esults based on the ITS1-region (for similar results for ITS2-

Length Gap Problematic genus

0.5 (0.07, 0.9) 19.1 (18.2, 20.2) �0.88 (�1.0, �0.7)

0.6 (�0.8, 2.0) 6.9 (5.3, 9.2)

�0.4 (�0.6, �0.2) 4.0 (3.7, 4.2) �0.4 (�0.5, �0.3)

�2.9 (�3.3, �2.6) 3.5 (2.9, 3.9)
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figure based on the ITS2-region.
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UNITE), the probability Pðs ¼ ijq; s˛RÞ was higher for UNITE

than for SAF (Table 1).

The probability Pðs ¼ RjqÞ that the query species is in the

database also increased with identity and gap (Table 1, Fig 1).

Thus, when using a known sequence (a multiple sequence

extracted from the SAF database) as a query sequence, the

identity and gap values of the best BLAST hit were high if

another sequence of the same species was kept in the data-

base, but these values were low if the correct species was

missing from the database. With given identity and gap values,

the probability Pðs ¼ RjqÞ was somewhat higher for the SAF

database than for the UNITE database, and it was lower for the

genera that were identified as problematic. The length of the

sequence actually had a small negative effect (Table 1). This

somewhat counterintuitive result is explained by the fact that

short sequences are classified unreliable already for the

reason that they tend to have a low gap value.

Combining the models Pðs ¼ ijq; s˛RÞ and Pðs ¼ RjqÞ by Eq.

(1), we can use the outcome of the BLAST algorithm (the
values of identity, gap, length, database and problematic genus

corresponding to the best hit) to estimate the probability by

which the species behind an environmental query sequence

is the same species as the best matching hit from the

SAF–UNITE database. The combined probability Pðs ¼ ijqÞ is

illustrated by the contour lines in Fig 2, showing the esti-

mated probability of the best BLAST hit being correct, either

to the species level (upper panels) or to the genus level (lower

panels). Comparing Figs 1 and 2 shows that for high values of

identity and gap, the main issue was whether the focal species

is included in the reference database, as in this part of the

parameter space the conditional probability of correct iden-

tification (given that the species is included in the reference

database) was very high.

For the ITS2-region, the results were qualitatively similar,

though for this region identity got more weight than for the

ITS1-region, and the length of the query sequence became an

important predictor especially for the genus-level analyses

(Supplementary material).
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Species diversity in environmental samples

Out of the 62 214 sequences obtained by 454 sequencing, 51%

could be identified to the species level at least with 90%

confidence, these sequences representing 30 different species

(Fig 2). An additional 9% of the sequences could be identified

with 90% confidence to the genus level, amounting to 14

genera that were not included in the species-level identifica-

tions. The remaining 40% of the sequences remained

unidentified even to the genus level, if 90% probability of

correct identification was used as the threshold. Using the

same criteria, the DGGE data revealed nine different species

and six additional genera (Figs 2 and 3). Comparing the results

obtained by 454 sequencing with those from DGGE analysis

confirms the expectation that DGGE is likely to reveal espe-

cially the most dominating species. For example, out of the

sequences obtained for the pooled sample 8, the DGGE anal-

ysis revealed 42% of the species (identified to the species level

with at least 90% confidence) and 70% of the sequences (see

Supplementary material).

A total of 15 species were observed as fruit bodies, but only

five of these were discovered by 454 sequencing with at least

90% confidence (Fig 3). If the 90% confidence threshold was

relaxed, 454 sequencing found four additional species present
in the fruit-body data. Out of the six species not included even

in the full list of candidate names obtained by 454 sequencing,

five species were present as a genus-level hit. Lists of species

and genera obtained by the three methods (454, DGGE, and

fruit-body inventory) are given in Supplementary material.
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Most of the reliably identified species, and especially those

that were represented by a large number of sequences,

belonged to the SAF database rather than the UNITE database

(Fig 2). As our method for assessing the probability of correct

identification can be applied only to a local database with fully

identified reference sequences, we could not perform

a systematic comparison with GenBank. However, we used

the GenBank database to identify additional taxonomic

groups present in the environmental samples. Out of the

26 158 sequences for which we did not obtain at least a 90% hit

in terms of identity from the local libraries, 8 299 resulted in at

least a 90% identity hit from GenBank (see Supplementary

material). These represented 174 different GenBank entries,

out of which 45% (27% of sequences) belonged to Ascomycota,

25% (7%) to Basidiomycota, 1% (0.04%) to Mucoromycotina,

and 0.6% (0.01%) to Glomeromycota. Twenty-eight per cent

(65%) of the GenBank hits represented unidentified fungal

species.
Effect of sampling design

To assess the effect of the sampling design, we compared the

DGGE-bands obtained separately for each of the 51 drilling

points. In this analysis, we assumed that each band repre-

sented a single species without considering how reliable the

species identification was. The number of species increased as

a function of drilling points (Fig 4A), suggesting that roughly

half of the species community is missed if less than five dril-

ling points are used. Interestingly, the cumulative species

accumulation curves were almost independent of whether the

drilling points were distributed evenly or randomly within the

log (Fig 4A).

As we barcoded the samples using a nested design prior to

454 sequencing, these data provide some clues to the effect of

the sampling design. Accounting only for identifications that

were estimated to be correct with at least 90% confidence, Fig

4B shows how well the species observed in subsamples

represent the diversity observed in the larger samples. For log

A, one species was found in the single sample, whereas the
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measured as log (number of sequences D 1), and the line show
combined sample contained five species. For the log B, eight

species were found in the single sample, whereas the

combined sample contained 17 species. All species of the

single samples were also present in the combined samples,

suggesting that the resolution of the 454 analysis was not

compromised by mixing the 10 saw-dust samples before DNA

extraction. The rectangles in Fig 4B compare the result for

log D where we either mixed the samples at 3 m or 1 m

intervals. The overlap between these two cases was 10

species, whereas six species were present only in the sample

with 1 m intervals, and three species were present only in the

samples taken at 3 m intervals. Finally, the triangles compare

the species composition in the combined sample consisting of

all four logs (including 19 species) compared to the prediction

based on the species compositions obtained separately for

each log (including all the 19 species and nine additional

species). Given that the combined sample is a mixture of 51

saw-dust samples, it represents the predicted species

frequencies surprisingly well, the missing species having

a low abundance also in the individual samples.
Discussion

Emerging sequencing technologies, such as 454 pyrose-

quencing and parallelized implementations of Sanger

sequencing, hold promise of generating hitherto unprece-

dented amounts of environmental sequence data. Conse-

quently, automated tools for processing the raw data into

useful summaries will become an absolute necessity. A key

concern in the use of algorithmic approaches applied to

sequence data and questions such as species identification

relates to the reliability of the results. In this paper, we have

developed a statistical framework which can be used to assess

the reliability of BLAST search results for the purpose of

species identification. The methods developed here serve as

a simple starting point, and they can be refined and extended

in various directions. To start with, instead of accounting for

indices of sequence similarity as reported by BLAST, one could
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integrate the probabilistic approach with more sophisticated

algorithms targeted specifically for taxonomic classification,

such as those used in MEGAN and CARMA. Further, we treated

all species equally, except the three genera within which

species-level classification was known to be partly tentative.

Analogous to taxon-specific thresholds (Menkis et al. 2005), it

would be possible to include taxon-specific information about

levels of sequence similarity within and among species, e.g.,

using ordination techniques (Linton et al. 2007). Finally, we

emphasize the need to combine automated and manual

species identification, the automated algorithm singling out

the sequences that may require further scrutiny by the user.

Results obtained here and by earlier studies (Nilsson et al.

2009; Ryberg et al. 2009) point out two reasons why species

identifications from sequence data may fail. First, the levels of

within and between species variation in the ITS1-region vary

among different groups of wood-inhabiting fungi (Kauserud &

Schumacher 2003; Schmidt & Moreth 2003; Högberg & Land

2004). Cases for which the ITS1-region is not sufficiently

variable among species lead to a low gap value, indicating that

there is another species with almost equally as high identity

score such hits are located in the lower-right corners of the

panels of Figs 1 and 2. To improve the reliability of these

identifications, longer sequences or sequence information

from other regions of the genome is required. Second, the

focal species may simply be missing from the reference

database, with the BLAST results being characterized by a low

identity score (the hits shown in the lower-left corners of the

panels of Figs 1 and 2). Improvement here can obviously be

done only by extending the coverage of the reference database

with respect to taxonomic and ecological sampling (cf. Ryberg

et al. 2009).

Judging from the present results, a relatively dense grid of

sampling points may be needed to cover the majority of the

fungal species in a log (Fig 4A). Large sample size leads to high

cost and high workload, making it important to optimize the

study design. Contrary to fingerprinting methods, combining

even 10–20 drilling samples prior to 454 sequencing did not

seem to compromise the observed species frequencies (Fig

4B). Thus, high-throughput sequencing has an advantage in

terms of reduced amount of samples required for DNA release

and purification. However, it is clear that pooling too many

samples will eventually reduce the resolution of the method.

This is either because of imperfect mixing as saw-dust, or due

to the randomness associated with the finite number of

sequences obtained by PCR or 454 sequencing. A further

limitation of any approach involving PCR is that in complex

samples all templates are not amplified with identical effi-

ciency (Polz & Cavanaugh 1998; Acinas et al. 2004).

Much of the emphasis in metagenomics has been in

shotgun sequencing of environmental samples, targeting, for

example, gene functions and metabolic capacities in micro-

bial communities (Tringe & Rubin 2005; Ward 2006). Modern

sequencing methods provide efficient tools also for the much

simpler task of identifying the species that are present in

a given environmental sample. While simply generating a list

of the species present in the sample may seldom be the ulti-

mate goal of any scientific study, such data nevertheless form

the pillar of many kinds of studies, such as analyses of

species-specific habitat requirements, models of single-
species and community dynamics, and the assessment of

the functional roles of species within an ecosystem. The

framework developed here facilitates the use of molecular

methods in population and community ecology by assessing

the reliability of identifications using probabilities, the natural

unit for measuring uncertainty. This is not only of conceptual

value, but also makes it practical to transfer the unavoidable

uncertainty in species identifications to further analyses. If

these uncertainties are used as a part of the input data for, e.g.,

Bayesian models of population dynamics, they can be natu-

rally propagated throughout the sequence of analyses. When

considering the dramatic improvements in sequencing tech-

nology during the last few years, there can be little doubt that

we are well on our way to crossing the border into a new era in

fungal inventories and in how fungi are studied in their

natural environments.
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