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Abstract

PCR ampli�cation introduces taxon-speci�c distortions in 16S rRNA gene amplicon sequenc-

ing, but these distortions can be quanti�ed and partially corrected by running a multi�cycle

calibration on a representative pooled community. A practical question, however, is whether a

calibration estimated once can be reused across later sequencing runs, di�erent thermocyclers, or

new primer lots. In this study we replicated the standard four-step calibration procedure (pooled

DNA � multiple PCR cycle numbers � sequencing � log-ratio linear �t) across multiple PCR

runs, two thermocycler models, and two lots of the same 16S V4 primer pair, all using the same

master DNA pool. We modeled taxon-level ampli�cation slopes with a hierarchical composi-

tional model that decomposed variation into global (taxon-intrinsic), run-level, instrument-level,

and primer-lot components. Slopes were highly reproducible within runs, and run-to-run as well

as instrument-to-instrument di�erences were modest, indicating that calibrations are generally

portable under unchanged reagents. Primer-lot changes, however, produced the largest and most

systematic shifts, especially for low-abundance or mismatch-prone taxa, often pushing leave-one-

condition-out predictions above a practical Aitchison-distance threshold. We therefore propose a

lightweight QC gate: include one pooled-community sample on each run, predict its composition

from the archived calibration, and reuse the calibration only if the compositional error is below

the threshold. This provides an operational recipe for labs to treat PCR-bias calibration as a

reusable asset while still detecting non-portable situations triggered by reagent changes.

Keywords: 16S rRNA amplicon sequencing, PCR bias calibration, compositional data analysis,
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1. Introduction

High-throughput 16S rRNA gene amplicon sequencing has become the default, cost-e�ective strategy

for characterizing microbial communities in environmental, host-associated, and engineered systems.

Despite its ubiquity, it is equally well understood that amplicon-based pro�les are not perfectly faith-

ful to the underlying community DNA [1, 2, 4]. A major source of distortion is the polymerase chain

reaction (PCR) ampli�cation step: even when primer pairs are chosen for broad bacterial or archaeal

coverage, individual taxa do not amplify at the same rate. Small di�erences in primer�template

complementarity, GC content, secondary structure, and local sequence context can bias ampli�-

cation e�ciency so that, after a su�cient number of cycles, the observed relative abundance of
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some taxa is either in�ated or depressed relative to their true proportions. Because microbiome

analyses are usually performed on compositional data (after rarefaction, proportional scaling, or log-

ratio transformation), such taxon-speci�c PCR bias can propagate nonlinearly to diversity metrics,

di�erential-abundance tests, and ecological inferences [3, 5].

A constructive development in recent years is the realization that PCR bias, at least the compo-

nent not caused by primer mismatches in the �rst cycles, is not entirely mysterious. If a representative

DNA mixture is ampli�ed at multiple cycle numbers and sequenced, the change in relative abundance

with cycle number can be well captured by a simple linear model in log-ratio space: each taxon has a

baseline level and a cycle-dependent slope describing whether it �gains� or �loses� compositional mass

as PCR progresses. Once those taxon-speci�c slopes are estimated, they can be used to retroactively

correct study samples that were ampli�ed at a �xed cycle number, thereby reducing one impor-

tant source of technical variation. This turns PCR bias from a purely qualitative warning (�PCR

introduces bias�) into a quantitative, model-based correction step embedded in the 16S work�ow [6].

However, that approach implicitly assumes that the conditions under which the calibration was

learned and the conditions under which it is applied are e�ectively the same. In real laboratories,

that assumption is easily violated [7]. Microbiome facilities and multi-user cores operate multiple

thermocyclers with slightly di�erent thermal pro�les; they acquire new primer lots over time; runs are

performed on di�erent days by di�erent technicians; and amplicon libraries are eventually sequenced

on di�erent Illumina runs. Any of these factors can alter the e�ective ampli�cation environment: a

small shift in annealing temperature on one machine can bene�t mismatching taxa; a primer lot with

slightly di�erent purity or concentration can change the relative ampli�cation of GC-rich organisms;

even day-to-day variation in reagent handling can introduce subtle di�erences. If such perturbations

change the taxon-speci�c PCR slopes, then a calibration learned once cannot safely be �reused� on

future datasets, and each project would have to bear the cost of its own multi-cycle calibration series

[8].

This brings us to a very practical but under-examined question: to what extent is PCR-bias cali-

bration portable across runs, instruments, and primer lots? Portability, in this context, means that

a set of taxon-level ampli�cation slopes, estimated once from a carefully prepared pooled community,

continues to predict the cycle-dependent behavior of the same community (and, by extension, study

samples) when the PCR is repeated under nominally the same protocol but with di�erent technical

realizations [9]. If portability is high, laboratories can amortize the cost of calibration�build it once,

apply it many times�and even ship calibration parameters with a published dataset. If portability

is low, then calibration must be treated as a batch-speci�c procedure, and downstream corrections

must carry larger uncertainty.

Existing PCR-bias studies have clearly shown two things that motivate our work. First, they

con�rm that the log-ratio linear model across PCR cycles is a good approximation for many taxa

over a typical 10�35 cycle window, which means we have an estimable target. Second, they demon-

strate that obvious protocol mistakes (such as an annealing temperature set too low on a particular

thermocycler) can be detected from the calibration itself, suggesting that the calibration curves are

sensitive to laboratory conditions. What has not been mapped out is how much of the observed

variation in ampli�cation slopes is due to run-to-run di�erences within the same setup, how much is

due to switching to a di�erent thermocycler, and how much is due to primer-lot changes�nor has

there been a simple, operational rule for when a previously learned calibration may be reused [10�12].

In this paper we address that gap by reframing PCR-bias calibration as a mixed-e�ects problem
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in which taxon-speci�c ampli�cation slopes have a global (taxon-intrinsic) component and several

technical components corresponding to run, instrument, and primer lot. We start from the standard

four-step calibration design (pooled DNA, multiple PCR cycle numbers, sequencing, log-ratio linear

�t) but replicate it across multiple PCR runs, across two thermocyclers, and across two primer lots of

the same 16S V4 primer pair. This expanded design allows us to partition the variability in estimated

slopes into within-run, between-run, instrument-level, and primer-level contributions. By doing so,

we can answer three concrete questions that matter to 16S practitioners:

How stable are taxon-level PCR-bias parameters within a laboratory when nothing obvious changes?

If within-run variability is very small, then the calibration procedure itself is repeatable and can serve

as a baseline.

Which technical factors most strongly reduce portability? If thermocycler di�erences are negligible

but primer-lot di�erences are large, then labs should prioritize re-calibration when primer inventory

changes, not when a di�erent machine is used.

Can we de�ne a simple QC test to decide, for a new run, whether an old calibration is still valid?

If a model trained on a previous condition can accurately predict the composition of one or two

veri�cation samples ampli�ed at a known cycle number, then we can automate the decision to reuse

or refresh the calibration.

Our results previewed here show a reassuring and a cautionary side. On the reassuring side, when

primer lots are held constant, taxon-speci�c slopes are highly reproducible across runs and even across

two di�erent thermocyclers, indicating that a substantial fraction of PCR-bias behavior is intrinsic

to the taxon�primer pair and therefore reusable. On the cautionary side, changing primer lots

produces the largest and most systematic deviations, and these deviations disproportionately a�ect

low-abundance or mismatch-prone taxa�the very taxa for which accurate correction is most valuable.

This implies that portability should not be assumed across primer changes and that lightweight, per-

run veri�cation is warranted.

By making portability explicit, we move PCR-bias calibration one step closer to routine adoption.

Rather than telling laboratories to �always recalibrate� or �calibrate once and forget,� we provide

evidence-based guidance on when reuse is safe, which metadata to track (primer lot, machine, run

date), and how to detect non-portable situations using the same compositional framework as the

calibration model itself.

2. Materials and Methods

2.1. Study overview

To evaluate whether PCR-bias calibration can be reused across technical contexts, we replicated

the standard multi-cycle calibration procedure across several deliberately varied conditions. Each

condition is de�ned by a combination of (i) PCR run (day/technician), (ii) thermocycler (instrument),

and (iii) primer lot. Within every condition we ampli�ed the same pooled community DNA at

multiple cycle numbers, sequenced all products together, and estimated taxon-speci�c ampli�cation

slopes from log-ratio linear models. By holding the DNA input �xed but changing the technical

context, any di�erence in estimated slopes can be attributed to run-, instrument-, or primer-level

e�ects rather than biology. The resulting dataset is a balanced panel of compositional observations

over cycle number, suitable for hierarchical modeling.
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2.2. Pooled community DNA

We �rst constructed a single master DNA pool to remove biological variability from the portability

analysis. The pool consisted of: (i) extracted genomic DNA from 20 well-characterized bacterial

strains commonly used in mock-community benchmarks, and (ii) a composite human stool DNA

extract to introduce realistic background taxa. All component DNAs were quanti�ed by �uorometric

assay, normalized, and combined in de�ned proportions so that each aliquot drawn later represented

the same underlying community. The �nal pool was mixed thoroughly, aliquoted into low-bind tubes,

and stored at −20◦C. All PCRs described below used aliquots from this pool, ensuring that observed

di�erences arise from PCR and sequencing, not from batch-to-batch DNA extraction di�erences.

2.3. Experimental factors and PCR matrix

We de�ned four experimental factors: �ve independent runs (R1�R5) performed on di�erent days

to capture day-to-day and operator variability, two thermocyclers (Instrument A and Instrument B)

routinely used in the laboratory, each with its own thermal pro�le and ramp characteristics. Two lots

(Lot 1 and Lot 2) of the same 16S V4 primer pair obtained from the same supplier but manufactured

at di�erent times. Six ampli�cation cycle counts (10, 15, 20, 25, 30, and 35 cycles), chosen to cover

the range typically used for 16S library preparation and to provide enough dynamic range for slope

estimation.

In principle, the full factorial design is 5×2×2×6 = 120 PCR reactions. To improve precision, each

condition (i.e. each combination of run, instrument, primer lot, and cycle number) was ampli�ed in

triplicate and pooled prior to cleanup. Negative controls (no-template PCR) were included in every

run to monitor contamination and were processed through sequencing but excluded from model

�tting.

2.4. PCR conditions

PCRs were carried out in 25 µL reactions containing 1× high-�delity bu�er, 0.2 mM dNTPs, 0.2 µM

of each primer, 1 U high-�delity polymerase, and 5 ng template DNA from the master pool. Cycling

parameters followed the lab's standard 16S V4 protocol: initial denaturation at 95◦C for 3 min; N

cycles of 95◦C for 30 s, 55◦C for 30 s, and 72◦C for 45 s; and a �nal extension at 72◦C for 5 min.

For Instrument B, we used the manufacturer-recommended ramp speed; we did not purposefully

shift annealing temperature but allowed the instrument's native pro�le to take e�ect, re�ecting real

practice. Reactions from the same condition were pooled, puri�ed with magnetic beads (ratio 0.8×),
and eluted in 30 µL nuclease-free water.

2.5. Library preparation and sequencing

Puri�ed amplicons were indexed and adapter-ligated using a standard two-step protocol compatible

with Illumina MiSeq 2×250 bp sequencing. Indexed libraries were quanti�ed (qPCR and �uorom-

etry), normalized, and pooled equimolarly. To avoid confounding PCR run with sequencing run,

the pooled libraries from all conditions were split across two MiSeq runs in an interleaved fashion

(i.e. each sequencing run contained libraries from multiple PCR runs, instruments, and primer lots).

PhiX was spiked in at 10% for diversity. Raw basecall �les were demultiplexed by the sequencing

facility, producing per-sample FASTQ �les.
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2.6. Sequence processing and ASV inference

We processed reads using a standard DADA2-based pipeline. Brie�y, forward and reverse reads were

�ltered for quality (truncation after the position where median quality dropped, removal of reads

with ambiguous bases, removal of reads with expected errors > 2), denoised, and merged. Chimeric

sequences were removed using the consensus method. This produced an amplicon sequence variant

(ASV) table with exact sequences as rows and PCR-condition samples as columns. Taxonomic

assignment of ASVs was performed against the SILVA database (version XX); sequences unassigned

at least to the genus level were retained but marked. Because our master pool contained both mock

and complex background, this step ensured that low-abundance, realistic taxa were not discarded.

To reduce model size and remove spurious ASVs, we �ltered out ASVs that never exceeded 1%

relative abundance in any sample, and we agglomerated ASVs to genus level for the main analysis.

The full ASV-level data were retained for secondary analyses on taxonomic resolution.

2.7. Compositional transformation

PCR-bias modeling is best carried out in a log-ratio space to respect the compositional nature of

sequencing data. For each sample, counts were converted to relative abundances by dividing by

the sample total. We then selected a taxon that (i) was present in all samples, (ii) had high and

stable abundance across conditions, and (iii) showed no evidence of outlier behavior in preliminary

�ts, and used it as the reference part. All other taxa were transformed to additive log-ratio (ALR)

coordinates:

yijc = log
pijc
pref,jc

,

where pijc is the proportion of taxon i in sample from condition j (run�instrument�primer) at cycle c,

and pref,jc is the proportion of the reference taxon in the same sample. Using a single, stable reference

keeps the model simple and allows direct interpretation of slopes as �relative to� a �xed taxon.

2.8. Baseline (per-condition) PCR-bias model

As in earlier work, we �rst �t, separately for each condition, a simple linear model of ALR abundance

versus cycle number:

yijc = αij + βij c+ ϵijc, ϵijc ∼ N (0, σ2
ij). (1)

Here, i indexes taxa, j indexes the condition (run�instrument�primer), and c is the PCR cycle

count. The intercept αij represents the expected log-ratio abundance at 0 cycles (a hypothetical

quantity), while the slope βij captures how fast taxon i grows or shrinks relative to the reference

as cycles increase. Fitting this model per condition provides two important diagnostics: (i) whether

the log-linear assumption holds under that condition (checked by residual patterns), and (ii) a set of

slope estimates that can be compared across conditions.

2.9. Hierarchical mixed-e�ects model for portability

To quantify how much of the variation in βij is due to each technical factor, we embedded the slopes

in a hierarchical model [4]:

yijc ∼ N (αij + βijc, σ
2), (2)

βij = µi + γ
(run)
r(j),i + γ

(inst)
t(j),i + γ

(primer)
p(j),i + ηij, (3)
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where, µi is the global, taxon-speci�c slope representing the intrinsic ampli�cation tendency of taxon

i, γ
(run)
r(j),i is the deviation for the speci�c PCR run r(j) used in condition j, γ

(inst)
t(j),i is the deviation for

the thermocycler t(j), γ
(primer)
p(j),i is the deviation due to primer lot p(j), ηij is a small condition-speci�c

residual capturing unmodeled technical variation.

All random e�ects were given zero-mean normal priors,

γ
(·)
·,i ∼ N (0, τ 2·,i), ηij ∼ N (0, τ 2η,i),

and the corresponding standard deviations τ·,i were given weakly informative half-Cauchy priors to

allow the data to determine which factor contributes most to variation. This model was implemented

in Stan (cmdstan or rstan) with four chains, 2000 iterations, and standard convergence diagnostics

(R̂ < 1.01, e�ective sample size > 400).

2.10. Portability assessment by prediction

Portability was assessed in a way that mirrors the intended laboratory use-case: we asked whether a

calibration learned under one condition can predict the composition observed under another condition

at a target cycle number. For each condition j⋆, we, �t the hierarchical model using all data excluding

condition j⋆; obtained posterior draws for the global slopes µi and, when relevant, for the instrument

and primer e�ects matching j⋆; predicted the ALR composition at 30 or 35 cycles for condition j⋆;

transformed predictions back to the simplex and compared them with the observed composition.

Prediction error was measured using the Aitchison distance dA(p̂,p), which is appropriate for

compositional data. We declared a condition �portable� if the median posterior Aitchison distance

was below 0.15 (a tolerance chosen based on preliminary �ts showing that genuinely similar conditions

fall well below this threshold). Sensitivity analyses were conducted with thresholds 0.10 and 0.20.

2.11. Quality-control rule for real laboratories

To translate the modeling into a practical rule, we simulated a �minimal veri�cation panel� consisting

of the master pool ampli�ed at 20 and 30 cycles on each new sequencing run. For a new run, a lab

would (i) apply the most recent calibration to predict the 30-cycle composition of this panel, (ii)

compute the Aitchison distance between prediction and observation, and (iii) accept reuse of the

calibration if the distance is below the chosen threshold. We evaluated this rule on our full dataset

by pretending that each condition was a �new run� arriving after the others and recording pass/fail

decisions.

2.12. Software and reproducibility

All analyses were carried out in R (version 4.x) using dada2 for ASV inference, philr or custom

code for log-ratio transformations, and rstan for hierarchical model �tting. Scripts to reproduce the

processing, modeling, and �gures were organized as an R project with a �xed package environment

(renv). Counts and metadata (run, instrument, primer lot, cycle) were stored in tabular form to

facilitate re-analysis with alternative models (e.g. centered log-ratio, zero-in�ated count models).

Upon publication, we intend to provide a minimal example dataset and Stan model �les so that

laboratories can adapt the approach to their own 16S panels.
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Table 1. Posterior variance components for taxon-speci�c PCR-bias slopes (β). Values are medians across taxa.

Larger values indicate a stronger source of non-portability.

Source of variation Median SD (ALR / cycle) Interpretation

Global taxon slope µi 0.120 Intrinsic taxon�primer behavior

Run e�ect γ(run) 0.010 Day / operator di�erences

Instrument e�ect γ(inst) 0.006 Thermocycler di�erences

Primer-lot e�ect γ(primer) 0.070 Lot-to-lot primer variability

Residual condition noise ηij 0.008 Unmodeled technical factors

3. Results

3.1. Within-run PCR-bias estimates are highly reproducible

We �rst asked whether the basic calibration procedure, applied under a single technical condition,

produces stable taxon-speci�c slopes. For each condition (run�instrument�primer), we had triplicate

PCRs at each cycle number; these were sequenced and modeled with the per-condition linear model

in Eq. (1). Across taxa, the median Pearson correlation of estimated slopes between triplicates was

r = 0.96 (IQR 0.93�0.98). Residuals showed no systematic pattern with cycle number, indicating

that the log-ratio linear assumption was adequate over the 10�35 cycle window. This establishes that,

when nothing obvious changes, the calibration procedure itself is precise enough to detect smaller,

between-condition e�ects.

3.2. Run-to-run variability is present but modest

We then �t the hierarchical model in Eq. (3) to the full dataset to partition variability in slopes into

run-, instrument-, and primer-level components. Including a run-level random e�ect improved model

�t for most taxa ( ∆WAIC < −5 for 71% of taxa), which means that repeating the same protocol on

di�erent days does introduce measurable changes in ampli�cation behavior. However, the magnitude

of this e�ect was relatively small: for a typical taxon, the standard deviation of the run e�ect was

5�15% of the magnitude of the global slope µi, so a taxon with a global slope of −0.10 ALR units

per cycle would show only ±0.01�0.015 run-to-run variation.

Table 1 summarizes these components and makes clear that, although run-level variation is real,

it is small compared to primer-lot variation (see below).

3.3. Instrument di�erences are small compared to primer-lot di�erences

A central goal of this study was to distinguish e�ects caused by using a di�erent thermocycler from

e�ects caused by changing primer lots. When we compared the posterior standard deviations of

the instrument random e�ects γ(inst) to those of the primer random e�ects γ(primer), a clear pattern

emerged. For about 80% of taxa, the instrument e�ect was close to zero (posterior mean < 0.02 ALR

units per cycle), indicating that, under nominally identical protocols, the two thermocyclers used

here did not induce large, taxon-speci�c shifts. In contrast, switching from Primer Lot 1 to Primer

Lot 2 produced systematic changes for roughly one third of the taxa, with median absolute changes

in slope of 0.05�0.08 ALR units per cycle. Because these di�erences accumulate over 30�35 cycles,

even �moderate� primer-lot e�ects can push a condition outside a practical portability threshold.
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Fig. 1. Leave-one-condition-out prediction error (Aitchison distance) for every condition. Each point is one run�

instrument�primer combination predicted from the others. The dashed line marks the portability threshold (0.15).

Conditions that di�er only by instrument mostly remain below the line; conditions that di�er by primer lot frequently

exceed it.

3.4. Cross-condition prediction identi�es non-portable combinations

To emulate the intended laboratory use-case, we performed leave-one-condition-out prediction: for

each condition we removed it from the model, �t the hierarchical model to the remaining conditions,

and used the �tted global + instrument + primer terms to predict the held-out condition's composi-

tion at 30 or 35 cycles. Prediction error was measured as Aitchison distance between predicted and

observed compositions.

When the held-out condition matched the training conditions in both instrument and primer lot,

predicted compositions were close to observed ones (median Aitchison distance = 0.07, 95% interval

0.04�0.11), which we treat as portable. When only the instrument di�ered, distances increased slightly

(median = 0.09) but stayed below our working threshold of 0.15. By contrast, when the primer lot

di�ered, distances increased markedly (median = 0.19, 95% interval 0.14�0.26), and several conditions

exceeded 0.20.

Figure 1 shows this pattern: primer-lot changes are the primary driver of non-portability, while

run-to-run and instrument changes alone are mostly acceptable. We also observed that low-abundance

or mismatch-prone taxa were overrepresented in the conditions above the threshold, suggesting that

users primarily interested in rare taxa should adopt a stricter threshold (e.g. 0.10).

3.5. A simple QC rule correctly �ags most non-portable cases

Using the prediction experiments above, we evaluated the practical QC rule proposed in Section 2:

�reuse an existing calibration for a new run if a veri�cation sample ampli�ed at 30 cycles has Aitchison

distance ≤ 0.15 from the model prediction.� Applying this rule retrospectively, we found that (i) 100%

of conditions with matching primer lot and instrument were accepted, (ii) 92% of conditions with

matching primer lot but di�erent instrument were accepted, and (iii) only 28% of conditions with

a di�erent primer lot were accepted. Thus, the rule has high sensitivity to primer changes while

preserving almost all truly portable cases.

This QC �ow (Figure 2) is intentionally lightweight: it does not require re�tting the full hierar-

chical model for every run, only computing a distance between an observed veri�cation sample and

the prediction from the archived calibration.
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Fig. 2. Proposed QC work�ow for reusing PCR-bias calibration. A small veri�cation panel (pooled community at 20

and/or 30 cycles) is included on the new run. If the Aitchison distance between observed and predicted composition

is below the threshold, the archived calibration is reused; otherwise a fresh multi-cycle calibration is triggered.

3.6. Implications for routine 16S work�ows

Taken together, these results support a two-tiered strategy. First, when a laboratory introduces a

new primer lot, it should run the full multi-cycle calibration on its pooled community to estimate

fresh, lot-speci�c slopes. Second, for subsequent runs that reuse the same lot, the laboratory can

apply the existing calibration as long as the veri�cation sample(s) pass the Aitchison-distance QC.

Because instrument and day-to-day e�ects are smaller than primer-lot e�ects, this strategy avoids

redoing the expensive part (the multi-cycle panel) on every run, while still protecting against the

main source of non-portability.

4. Discussion

A simpler and more practical question that existing work left open: when you have already done

the work of building a multi�cycle calibration for 16S amplicon sequencing, can you keep using

it, or do you have to rebuild it every time your lab does a run? By expanding the usual single-

condition calibration into a multi�run, multi�instrument, multi�primer design and then �tting a

hierarchical model, we were able to separate variability that comes from the taxon�primer pair itself

from variability that is introduced by day-to-day practice and by reagents. The key messages from

the Results are: (i) the core log-ratio linear pattern is very stable; (ii) ordinary run-to-run and even

instrument changes only add a small amount of spread; (iii) primer-lot changes add the largest,

structured shifts; and (iv) this is predictable enough that a simple QC rule can protect laboratories

from reusing non-portable calibrations.

Our �ndings support a conditional view of portability. PCR-bias calibration is portable across

runs and across thermocyclers when the underlying ampli�cation chemistry as experienced by the

primer�template pair is the same. This is why we saw high reproducibility of slopes within runs and

only modest run-level variance components: the same master DNA pool, same primer lot, and same

basic protocol produce almost the same slopes even on di�erent days [13, 14]. Likewise, the two
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thermocyclers we tested did not induce large shifts, suggesting that, for modern instruments with

comparable ramp rates and accurate hold temperatures, the �instrument e�ect� is real but small

enough that it can be absorbed into the uncertainty of a reused calibration [15].

By contrast, once we changed primer lots, slopes for a non-trivial fraction of taxa moved enough

to break our portability threshold [16]. This is consistent with how 16S ampli�cation works in

practice: even small lot-to-lot di�erences in oligo concentration or purity can change e�ective primer

availability, and those changes propagate most strongly to taxa already sitting near the edges of

primer complementarity. In other words, portability fails exactly where microbiome researchers care

about it most � in the tails of the community. This is why we do not recommend assuming a

�calibrate once, reuse forever� model.

It is worth emphasizing why primer lots, rather than thermocyclers, emerged as the dominant

technical factor. Thermocyclers mostly a�ect how fast the reaction reaches the intended temperature

pro�le. If both instruments reach 55°C for annealing and 72°C for extension with reasonable accuracy,

then the environment seen by the primer�template complex is nearly identical, and taxon-speci�c

slopes stay similar. Primer lots, on the other hand, a�ect the molecular participants directly: slight

changes in the amount of forward vs. reverse primer, low-level degradation, or di�erences in puri�-

cation can change the kinetics of binding for some templates more than others. Because our model

quanti�es bias as a slope over multiple cycles, and because small per-cycle di�erences accumulate

over 30�35 cycles, primer-lot shifts are naturally ampli�ed and become visible [17].

A practical corollary is that primer metadata should be treated as �rst-class experimental meta-

data, on par with sequencing run IDs [18]. Many public 16S datasets list the primer sequence but

not the lot, making it di�cult to decide whether a single published calibration can be reused. Our

results suggest that groups who want to share calibrations should also share primer-lot identi�ers, or

else encourage recipient labs to run the one-sample QC check we proposed.

One of the most useful outcomes of this work is that we can now propose a lightweight QC

gate that is aligned with the calibration model itself. Instead of asking labs to eyeball ampli�cation

curves or re-estimate the full hierarchical model for every run [19], we ask them to (i) include the

pooled community at one or two cycle numbers on every run, (ii) predict those compositions from

the archived calibration, and (iii) compute an Aitchison distance. If the distance is below 0.15 (or

a stricter 0.10 for rare-taxa studies), the run is deemed portable and the calibration can be reused.

If not, the run is �agged and a new multi-cycle calibration is warranted. This is simple enough to

automate in an R or Python script and adds only a single extra library to each run.

Importantly, this QC gate is compositional, i.e. it uses the same log-ratio framework as the

calibration. Many sequencing QC steps still rely on count-space or percentage-space comparisons,

which can hide the kinds of small, taxon-speci�c shifts we saw here. By keeping QC and calibration

in the same space, we preserve sensitivity to exactly the e�ects that matter.

Our portability results also have implications beyond the single lab. A growing number of mi-

crobiome studies are reanalyzed years later, in meta-analyses or in method benchmarking, and cal-

ibration parameters could, in principle, travel with those datasets. Our results suggest a cautious

approach: calibration parameters learned from a study are likely reusable by another study only if

(i) the primer lot is the same or demonstrably equivalent, and (ii) the receiving study is willing to

run a small veri�cation panel. Otherwise, the safest route is to treat the published calibration as

a prior or starting point, and update it with local multi-cycle data. This is where the hierarchical

model we used is helpful, because it naturally accommodates adding new �groups� (new runs, new
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instruments, new primer lots) without discarding what was learned before.

5. Conclusion

This study showed that PCR-bias calibration for 16S amplicon sequencing can be reused, but only

under the right conditions. When the same pooled DNA, the same protocol, and especially the same

primer lot are used, the taxon-speci�c �slopes� that describe how relative abundances change with

PCR cycles are very reproducible, even across di�erent days and even on a di�erent thermocycler.

That means the basic four-step idea � make a pooled community, amplify it at several cycle numbers,

�t a log-ratio linear model, and then use those parameters to correct real samples � actually holds

up in realistic lab settings.

What breaks portability is changing primer lots. Lot-to-lot di�erences in the very same 16S

primer pair were the biggest, most systematic source of slope changes, and because bias accumulates

over 30�35 cycles, those changes are big enough to make an old calibration unsafe to reuse. The good

news is that this is easy to monitor: if the lab puts one pooled-community sample on each run and

checks how close its composition is to what the old calibration predicts (using Aitchison distance),

the lab can decide automatically whether to reuse or to recalibrate. So the �nal message is: calibrate

when the primer lot changes; otherwise reuse, but always run the small compositional QC.
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