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Abstract
Background: Evaluating the performance of metagenomics analyses has proven a challenge, due in part to limited
ground-truth standards, broad application space, and numerous evaluation methods and metrics. Application of
traditional clinical performance metrics (i.e. sensitivity, speci�city, etc.) using taxonomic classi�ers do not �t the “one-
bug-one-test” paradigm. Ultimately, users need methods that evaluate �tness-for-purpose and identify their analyses’
strengths and weaknesses. Within a de�ned cohort, reporting performance metrics by taxon, rather than by sample,
will clarify this evaluation.

Results: For a complete assessment, estimated limits of detection, positive and negative control samples, and true
positive and negative true results are necessary criteria for all investigated taxa. Use of summary metrics should be
restricted to comparing results of similar, or ideally the same, cohorts and data, and should employ harmonic means
and continuous products for each performance metric rather than arithmetic mean.  

Conclusions: Organism-centric analysis and reporting will enable clear performance assessment and meaningful
comparisons between methods in evaluating �tness for purpose of metagenomic analyses with their intended
applications.

Background
Metagenomic next generation sequencing (mNGS) work�ows employ any of a variety of taxonomic classi�cation
tools and are capable of comparing DNA against databases of 1,000s or even 10,000s of organisms. As a result,
clinical metagenomics assays have seen tremendous development in the past decade and are poised to revolutionize
infectious disease diagnostics. This has advantages over traditional culture-based or PCR-based methods, which are
typically highly speci�c but di�cult to parallelize. At this point, the question is not if metagenomics analyses work,
but what data and metrics are appropriate to evaluate and validate performance. However, guidance around this has
been unclear.1 As a result, widespread acceptance of mNGS diagnostic methods has yet to meet its potential.

The performance metrics (PMs) sensitivity, speci�city, precision, accuracy, etc. are the benchmark for evaluating
analytical performance and �tness for purpose and have generally agreed upon de�nitions; however, the de�nition of
what constitutes a true/false positive/negative (TP/TN/FP/FN) within mNGS has created confusion and ambiguity
for the �eld. mNGS assays are employed using large databases of organisms (often more than 104), but only a small
percentage are of diagnostic interest; nonetheless, one common way to evaluated mNGS assays is by examining a
summary analysis of performance for a sample. Thus, the current practices can be viewed as sample-centric, where
the tallies for TP/TN/FP/FN are made across all organisms within the database for a single sample. But, combining
these tallies across all organisms for each sample can lead to overlooking de�ciencies at the organism level, while
still generating speci�city and accuracy near 100 %. Furthermore, this type of analysis is fundamentally �awed
because it treats the mNGS analysis as a single test. On the contrary, mNGS analysis is a platform to perform highly
multiplexed testing for each organism in its database. This distinction is critical because it establishes the framework
for evaluation.

Carefully setting the positive and negative controls and results are critical for PMs to have validity and utility,
especially in the clinical mNGS diagnostic space. At its heart, mNGS is a technology that enables massive
parallelization of DNA-based single-organism testing; the reports/analyses summarize all the tests performed. mNGS
taxonomic classi�ers often perform well identifying genus- and species-level taxonomies, though the lack of
consensus metrics and formats for data reporting make direct comparisons between results from different classi�ers
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di�cult.2,3 Further, follow-on analysis to �lter results based on limit-of-detection, minimum number of mapped reads,
genome coverage, coverage depth, and relative abundance cutoffs are necessary.4 The aforementioned �lters have
demonstrated improved performance of these analyses,1 and this study presupposes the completion of that
substantial work before moving to performance analysis.

Herein, we propose reporting performance metrics by taxon, which we call an organism-centric evaluation. As such,
TP and FN are required for each taxon being evaluated. Calculating and organizing PMs this way will ensure that
relevant organisms can be thoroughly investigated, poor results are not overlooked, and non-diagnostic or untested
taxa are excluded. Additionally, where two or more work�ows are evaluated using the same raw sequencing output, a
summary of the PMs across all taxa could be accomplished using the harmonic mean (HM) and continuous product
(Pi, combined probabilities) for each performance metric. Unlike arithmetic mean, HM and Pi are well-suited to rate
and fractional data. We propose this methodology in the context of mNGS analysis development and to aid
evaluation of analysis performance and clinical utility.

Methods

Study Design
The aim for this study was to examine current practices for assessing performance of metagenomic classi�cation,
and identifying potential alternatives that enable developers and end users to identify the strengths and weaknesses
of their process. Two datasets were used during this study. The �rst (Table 1) was a hypothetical example consisting
of 10 different sample mixtures, with each sample containing 5/10 possible taxa:

Table 1
Hypothetical dataset. Each mock sample contains 5 positive and 5 negative controls (left). The hypothetical

outcomes are listed on the right.

  Mock Sample   Outcome

taxon 1 2 3 4 5 6 7 8 9 10   1 2 3 4 5 6 7 8 9 10

Ak + + + + + - - - - -   + + - + - + + + + -

Bl + - + - + - + - + -   - - + - + - - + - -

Cm + + - - + + - - + -   + + - - - - + - + -

Dn + + + - - - - - + +   + + - + - - - - + +

Eo + + - - - + + + - -   + + - - - + + + + -

Fp - - + + + - - - + +   - - + + + - - - + +

Gq - - - + + + + + - -   - - - + + + + + - -

Hr - - + + - - + + - +   - - + + - - + + - +

Is - + - + - + - + - +   - + - + - + - + - +

Jt - - - - - + + + + +   - - - - - + + + + +

Total + 5 5 5 5 5 5 5 5 5 5   4 5 3 6 3 5 6 7 6 5

Total - 5 5 5 5 5 5 5 5 5 5   6 5 7 4 7 5 4 3 4 5
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The second dataset was a portion of the Blauwkampf (2019) study. 5 This data set included pooled, de-identi�ed
blood plasma samples with added in silico-generated reads at varying levels from 1250 organisms to simulate low-
and high-level infection. The 3 cohorts reanalyzed were: (a) an asymptomatic patient plasma pool (all negative
controls), (b) a panel of 1250 simulated (in silico) high-level spike-in controls containing one of each organism, and
(c) 125 simulations (in silico) of cell-free DNA near the LOD.

Performance metrics (PMs)
The PMs were calculated based on the generally agreed upon de�nition provided as formulas below, where Sens is
sensitivity, Spec is speci�city, Prec is precision, Acc is accuracy, F1is the harmonic mean of sensitivity and precision,
and DOR is the diagnostic odds ratio.

Sens =
TP

TP +FN Prec =
TP

TP +FP F1 =
2∙ Sens ∙ Prec
Sens +Prec

Spec =
TN

TN+FP Acc =
TP +TN

TP +TN+FP +FN DOR =
Sens ∙ Spec

( 1−Sens ) ∙ ( 1−Spec)

(1-6)

The current practices are de�ned herein as sample-centric, where the tallies for TP/TN/FP/FN are made across all
organisms within the analysis of a single sample. The organism-centric approach proposed in the current work was
done using individual taxon data to determine TP/TN/FP/FN. This analysis requires positive (known presence) and
negative controls (known absence) within samples for evaluating the performance of any assay. Importantly, for
each taxon with a prede�ned cohort, TP and TN results are required. This presupposes (1) the inclusion of positive
(known presence) and negative (known absence) controls within the sample set and (2) analytical validity for each
taxon including a limit of detection (LOD) estimate. If positive or negative controls are excluded from an analysis
characterization, no conclusions can be drawn about the performance of an assay for that organism. Employing the
organism-centric approach, for each taxon i, we can calculate the performance metric of interest (for example,
sensitivity):

 

Sensi =
TPi

TPi + FNi

7

Summary Performance Metrics
Two values were selected and calculated for the summary PMs. The harmonic mean (HM) of PMs, was calculated
instead of the arithmetic mean (AM). When combining across all organisms/taxa tested, we estimated the average
performance for a taxon. For n organisms:

HMSens =
n

∑ i
1

Sens i

8
The second summary PM provide was the product of each PM across all organisms, denoted as Pi.
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PiSens = ∏
i

Sensi

9

Results
Demonstration of an Organism-centric Report

Consider a hypothetical example where we are studying 10 different sample mixtures, with each sample containing
5/10 possible organisms (Table 1). We calculated the individual performance metrics, as well as HM and Pi values.
The exact identities, taxonomic classi�er, and postprocessing analysis used do not matter here.

With the organism-centric report, ordered to highlight low performers, we can quickly identify organisms creating
challenges and decide on a course of action (Table 2). In this example, the table helps identify relatively poor
performance for hypothetical taxa Ak, Bl, & Cm. Faced with this, developers/users would likely consider their options,
such as update or upgrade the database or change an LOD/threshold in an earlier data processing step. If these do
not improve the PMs, this test may be unreliable in assessing Ak, Bl, and Cm.

Summary PMs give a limited insight into average and total performance, but may be necessary when evaluating
large cohorts and/or different analysis tools. The harmonic mean estimates average individual taxon performance,
and the product serves to compound a metric across the cohort, effectively scoring the overall report. Summary PMs
(HM & Pi) provide a means to evaluate this analysis against others especially if considering an extensive list of
organisms; with a small cohort they are unnecessary because these summary PMs strongly depend on context
(cohort size and analysis setpoints), using them to predict performance with other cohorts or applications should be
done with caution.
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Table 2
Proposed summary analysis of a hypothetical dataset using 10 samples with combinations of 10 organisms.a

Analysis Results       Performance Metrics

taxon   TP FP TN FN   n   Sens Pr Spec Acc F1 DORb

Ak   3 4 1 2   10   0.6 0.43 0.2 0.4 0.5 0.4

Bl   2 1 4 3   10   0.4 0.67 0.8 0.6 0.5 2.7

Cm   3 1 4 2   10   0.6 0.75 0.8 0.7 0.67 6.0

Dn   4 1 4 1   10   0.8 0.8 0.8 0.8 0.8 16.0

Eo   5 1 4 0   10   1 0.83 0.8 0.9 0.91 26.7

Fp   5 0 5 0   10   1 1 1 1 1 100

Gq   5 0 5 0   10   1 1 1 1 1 100

Hr   5 0 5 0   10   1 1 1 1 1 100

Is   5 0 5 0   10   1 1 1 1 1 100

Jt   5 0 5 0   10   1 1 1 1 1 100

Summary Metrics       Sen Pr Spec Acc F1 DOR

Harmonic Mean                 0.76 0.79 0.67 0.77 0.78 6.5

Product                 0.12 0.14 0.08 0.12 0.13 0.01

aValues below 80 % or signi�cantly different from others were made BOLD to demonstrate how a performance
threshold could be applied.

bDOR values were limited to 100.

In contrast, if the sample-centric approach is applied to the same 10 samples, it can result in misleading PMs. If we
conservatively estimate 1000 taxa in the database counting as additional TN, the PMs would be Sens=0.8 (42/50),
Prec=0.8 (42/50), Spec=0.992 (1042/1050), and Acc=0.985 (1084/1100). While you may modify your analysis given
these results in an attempt to increase Sens and/or Prec, unlike the organism-centric approach it is di�cult to identify
the reasons for these scores. Expanding the database to 104 taxa by including irrelevant organisms arti�cially
improves the Spec and Acc to 0.9992 and 0.9984, respectively, further masking the relatively poor performance with
respect to Ak, Bl, and Cm.

Reevaluation of a Well-Reasoned Study
In another example, we evaluated data from previous work,5 where they report on the performance of an analysis of
cell-free DNA for 1250 organisms. We chose to highlight this study because the authors included proper controls and
provided comprehensive testing of both in silico and clinical samples with su�cient information to enable evaluation
of the results. What we propose would improve the transparency of reporting and highlight potential de�ciencies that
may be deleterious to overall con�dence in an analysis. In the Blauwkamp’s speci�city analysis, the authors reported
speci�city per analyte of 99.998 %, a precision of 99.2 % to 99.4 % per sample from simulated samples, a 92.1 %
precision from simulated clinical samples, and sensitivity of 93.6 % from simulated clinical samples. 5 Each valueLoading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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was generated using the arithmetic mean across all samples and organisms within a cohort. With the data provided,5

we generated results using the proposed organism-centric PMs for each cohort (Table 3).
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Table 3
Analysis of three cohorts from the Blauwkamp (2019) study.

Negative Control Experimenta                  

Analysis Results       Performance Metrics

Organism   TP FP TN FN   n   Sens Pr Spec Acc F1 DOR

1   0 1 49 0   50   NULL 0 0.98 0.98 NULL NULL

2-1250   1 0 49 0   50   1 1 1 1 1 100

Summary Metrics       Sen Pr Spec Acc F1 DOR

Harmonic
Mean

              NULL NULL 0.99 0.99 NULL NULL

Product                 NULL NULL 0.98 0.98 NULL NULL

High-abundance in silico spike-in experimentsb        

Analysis Results       Performance Metrics

Organism   TP FP TN FN   n   Sens Pr Spec Acc F1 DOR

1-7   1 1 1248 0   1250   1 0.5 0.999 0.999 0.67 99

8-1250   1 0 1249 0   1250   1 1 1 1 1 100

Summary Metrics       Sens Pr Spec Acc F1 DOR

Harmonic
Mean

                1 0.994 1 1 0.997 99.6

Product                 1 0.008 1 1 0.06 99.1

Simulated in silico experimentsc        

Analysis Results       Performance Metrics

Organism   TP FP TN FN   n   Sens Pr Spec Acc F1 DOR

1-4   0 0 124 1   125   0 NULL 1 0.992 NULL 0

5   1 1 123 0   125   1 0.5 0.992 0.992 0.667 91.8

6-125   1 0 124 0   125   1 1 1 1 1 100

Summary Metrics       Sens Pr Spec Acc F1 DOR

aResults from the negative control experiment (healthy plasma) have no TP, and so performance metrics cannot
be determined.

bThe results from high-abundance in silico spike-in experiments show TP and TN for every taxon examined. 7
samples have a false positive, leading to precision scores of 50 % for those organisms. Using additional positive
control samples may show that the precision is higher, or could indicate that these organisms have high
incidence of FP.

cSimulated in silico experiments show results from near-LOD clinical indicate 4 without a TP, meaning sensitivity
and precision cannot be determined.Loading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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Negative Control Experimenta                  

Harmonic
Mean

                NULL NULL 0.997 0.995 NULL NULL

Product                 0 NULL 0.992 0.984 NULL 0

aResults from the negative control experiment (healthy plasma) have no TP, and so performance metrics cannot
be determined.

bThe results from high-abundance in silico spike-in experiments show TP and TN for every taxon examined. 7
samples have a false positive, leading to precision scores of 50 % for those organisms. Using additional positive
control samples may show that the precision is higher, or could indicate that these organisms have high
incidence of FP.

cSimulated in silico experiments show results from near-LOD clinical indicate 4 without a TP, meaning sensitivity
and precision cannot be determined.

From these data, one quickly identi�es a relatively large fraction of negative control samples considered, and a small
number of positive control samples. In the negative control experiment, without positive controls we could not
evaluate the performance because there were no TP values (Table 3, �rst panel). However, it would be appropriate to
incorporate these data in the second and/or third cohort because this data represents a signi�cant set of negative
controls.

In the high-abundance in silico spike-in experiments, there are TP and TN for all taxa (Table 3, second panel). The
majority of organisms have performance metrics approaching 1, generally indicating strong performance around
these organisms; however, the assay may warrant further investigation because 7 taxa show precision values of 0.5.
Additional positive controls may result in improved performance values; updating the database could change the rate
of FP; or possibly this could indicate a set of organisms that pose a signi�cant challenge to this analysis, requiring
additional con�rmation.

In the near-LOD simulated in silico experiments, Table 3, third panel, 4 species had no TP. This is re�ected in the
sensitivity and precision of these organisms and demonstrates the potential value this approach generates assisting
rapid problem identi�cation. If another round of analyses with similar spike-in amounts of DNA were performed that
gave TP values, then a full evaluation could be performed.

While the authors were clearly focused on speci�city with these particular experiments, it should also be clear that
using unbalanced sample sets and examining one aspect of the performance metrics can cause problems for overall
evaluation.

Discussion
It is important to consider the end user when evaluating these technologies; any positive (or negative) result for each
organism listed in the report will be taken at face value. Hence, an analysis that has a weakness in performance for
one or a few organisms impacts the credibility of that entire analysis. Any review or validation should identify such
de�ciencies, as they ultimately impact utility.

The organism-centric approach could be modi�ed to suit a variety of purposes, including real-world samples where
hundreds or thousands of organisms are being considered, or where tuning around subspecies or strain-level
identi�cation is required. The generation of performance metrics even for large cohorts requires little computationalLoading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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power. Before any physical experiments are performed, in silico-generated mock datasets could rapidly examine an
analysis pipeline and identify appropriate experimental conditions, numbers of samples, and/or breadth of cohort
needed.

One objection to this approach, given the large number of organisms to test, might be that it is intractable to test
every single organism in a database to realize the full potential of mNGS analyses. We do not aim to render large
portions of databases unusable, but some testing is necessary to evaluate any taxon’s �tness for purpose within an
application. To alleviate some of the burden, we propose that in silico data, if vetted properly (such as a minimum of
3 datasets from independent sources) and at levels mimicking clinical samples, should inform on the analysis
performance and signi�cantly reduce the experimental burden on developers while improving the breadth of
organisms that can be interrogated. Perhaps datasets could be generated, updated, and validated that are suitable
for this purpose. Potentially, positive test results coming from purely in silico validated organisms could be �agged
for additional analysis such as further bioinformatics, serotyping, or PCR.

While the use of summary values can simplify evaluation, they can also lead to signi�cant loss of information.
Maintaining the context (dataset, cohort) of evaluation is critical. Using different datasets with the same mNGS
analysis can produce different PMs; thus, making comparison of different analyses invalid if the cohort is not
controlled.2

When a comparison is appropriate, we propose the inclusion of both the HM and Pi of the PMs. We propose the use
of HM instead of the arithmetic mean, as it provides more useful information because PMs are rates. This highlights
potential de�ciencies such as outliers. We propose including the product of each PM across all organisms (Pi) to help
identify how de�ciencies compound to impact the report, considering any one thing misidenti�ed or omitted lowers
the con�dence in the entire analysis.

Either small numbers of large de�ciencies or large numbers of small de�ciencies would manifest in a low score. Pi
values approaching 1 indicate few or no de�ciencies in an assay with respect to that performance metric. The
stringency of the Pi metric may not be necessary to validate many applications, but would serve as a powerful
differentiator between analyses.

Thus, we propose the reporting of results with the following reporting format:

1. A brief tabulated list of lowest-performing organisms including TP/FP/TN/FN and performance metric values.
(The full table should be appended to any report in an easily-readable format, such as comma-separated or tab-
delimited)

2. A summary score for each performance metric using HM and Pi, if warranted.

As with any diagnostic test, the rigor necessary to attain regulated use is a practical reality, and with this work we
have sought a measurement process capable of meeting these stringent requirements. As analyses achieve regulated
use status the �eld will continue to collect data and examine differences between in silico and physical sample
validation and make an informed decision on their role in validating mNGS analyses.

Conclusions
In response to the challenge put forth from Chiu and Miller,1 criteria for evaluation of mNGS analyses were proposed
that will improve evaluation of the analytical (and possibly clinical) validity of an mNGS-based analysis. We
proposed an organism-centric reporting format that provides a clear summary of performance within a prede�nedLoading [MathJax]/jax/output/CommonHTML/fonts/TeX/fontdata.js
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cohort, and highlights strengths and weaknesses in an mNGS analysis and study design. The use of the HM and Pi
to summarize each performance metric may enable developers and regulators to evaluate mNGS analysis
performance and identify potential differences between two mNGS analyses, but such use should be reserved for
comparison between similar data and cohorts.
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