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ABSTRACT
Viral-mediated bacterial mortality and the prevalence of lysogeny are two key parameters for understanding the role of viral 
activity in aquatic ecosystems. The viral production assay is most commonly used to assess these parameters, with lytic and 
mitomycin C-induced viral production rates prevalently extracted using the linear regression or increment-based (VIPCAL) 
approach. A literature survey shows that 64% of the 89 viral production studies used the linear regression approach for lytic 
and 48% employed VIPCAL for lysogenic viral production rates. Our comparative evaluation highlights significant differences 
between these two approaches of estimating viral production rates. To refine estimations, we enhanced VIPCAL to VIPCAL-SE 
by incorporating standard error of the means to rigorously identify maxima–minima pairs, accounting for biological and ecolog-
ical variabilities between replicates. We also included a bacterial net generation time endpoint to reduce estimation bias due to 
potential secondary infections, particularly relevant in more productive ecosystems. VIPCAL-SE is now available as a part of the 
viralprod R package and provides an opportunity for further standardisation in the field of aquatic viral ecology.

1   |   Introduction

Constituting the largest share of the living biomass in the world's 
oceans, marine microorganisms drive critical biogeochemi-
cal cycles through diverse and interdependent metabolic roles 
(Suttle  2007; Falkowski et  al.  2008; Bar-On et  al.  2018). They 
face constant selective pressure from environmental factors and 
interspecific interactions like allelopathy, symbiosis or mor-
tality (Strom  2008). Successful interactions with lytic viruses 
result in the production of viral progeny and subsequently the 
death of the unicellular host cell. With an estimated 1028 lytic 
viral infections occurring in the world's ocean every day, the 109 
tons of organic carbon released is readily degraded by hetero-
trophic bacteria (Suttle 2007; Middelboe et al. 1996; Brussaard 
et al. 2005; Lønborg et al. 2013). The lysed organic matter fuels 

the microbial loop, thereby diverting energy and matter away 
from higher trophic levels (Wilhelm and Suttle 1999; Lønborg 
et al. 2009; Evans et al. 2021). Furthermore, through host selec-
tivity and the consequent host–virus arms race, viruses shape 
the structure and functions of bacterial communities.

Temperate viruses can enter a lysogenic cycle, during which 
they integrate into the host genome as ‘prophages’ and rep-
licate passively along with the host cell without causing im-
mediate cell death (Payet and Suttle  2013; Howard-Varona 
et  al.  2017; Tuttle and Buchan  2020). Prophages contribute to 
genetic evolution and may provide competitive advantages to 
marine microbial lysogens (bacteria containing a prophage) by 
carrying auxiliary metabolic genes involved in processes such 
as photosynthesis, carbon metabolism and virulence factors 

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, 
provided the original work is properly cited.

© 2025 The Author(s). Environmental Microbiology Reports published by John Wiley & Sons Ltd.

https://doi.org/10.1111/1758-2229.70258
https://doi.org/10.1111/1758-2229.70258
mailto:
https://orcid.org/0000-0002-9882-0669
https://orcid.org/0000-0003-0455-4396
https://orcid.org/0000-0003-0535-7677
https://orcid.org/0000-0002-0899-8122
https://orcid.org/0000-0002-6320-9229
mailto:hisham.shaikh@nioz.nl
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1111%2F1758-2229.70258&domain=pdf&date_stamp=2025-12-14


2 of 13 Environmental Microbiology Reports, 2025

like endotoxin/exotoxin genes (Howard-Varona et  al.  2017; 
Schwalbach et al. 2004; Fortier and Sekulovic 2013; Yi et al. 2023). 
Exposure to environmental stressors (UV radiation, antibiotics, 
nutrient shifts, quorum sensing molecule concentrations, tem-
perature changes, pH fluctuations, among others) can trigger 
prophage induction, where a prophage excises itself out of the 
bacterial chromosome and enters into the lytic cycle (Cochran 
et al. 1998; Weinbauer and Suttle 1999; Chu et al. 2011; Silpe and 
Bassler  2019; Henrot and Petit  2022). Human activities—such 
as pollution, climate change and nutrient enrichment—can ex-
acerbate these stressors, influencing viral–host interactions and 
the stability of microbial communities and their functioning 
(Danovaro et al. 2011).

Viral-mediated bacterial mortality and the prevalence of lysog-
eny are crucial ecological parameters for understanding viral 
ecology in aquatic systems (Jiang and Paul 1998; Mojica and 
Brussaard 2020). According to the global Virus Oceanography 
Database (gVOD), the viral production assay (Weinbauer and 
Suttle  1999, 1996) is the most popular method to estimate 
viral-mediated bacterial mortality in diverse aquatic bacterial 
communities (Xie et  al.  2021). The viral production assay is 
based on the release of viruses produced from infections that 
occurred prior to the start of the assay. To determine the virus 
production rate, viruses in the original seawater are washed 
out using a 0.2 μm pore-size filter, typically by tangential flow 
filtration (Winget et  al.  2005). The resulting virus-reduced 
seawater sample is then incubated in replicates, kept in the 
dark at in  situ temperature, and subsampled over time to 
enumerate viruses released from cell lysis due to earlier in-
fections (Winget et al. 2005; Wilhelm et al. 2002; Weinbauer 
et al. 2010). The reduction of viruses from the original seawa-
ter sample not only reduces the contact between viruses and 
their bacterial hosts, preventing secondary infections, but is 
also necessary for quantifying significant increases in virus 
production.

The data analysis of the viral production assay is thus far per-
formed using either the linear regression (Winget et  al.  2005) 
or the increment-based approach (Weinbauer et  al.  2002) 
(Figure  1). The linear regression approach calculates the net 
viral production rate by averaging the slopes of first-order lin-
ear regressions derived from viral counts over time for each 
replicate (Figure 1c,d) (Noble and Fuhrman 2000). This method 
relies on a single continuous range, fitting fluctuating viral 
counts over time. Often, a specific period of productivity is se-
lected, based on the potentially delayed release of viruses and/or 
virus production leveling off towards the end of the incubation 
(Figure 1c,d). While the linear regression approach smooths out 
fluctuations in viral counts over time by calculating a slope, the 
increment-based approach does not take periods of decline in 
viral counts into account when estimating viral production rates 
(Figure 1f,h). Fluctuations in viral abundances may result from 
changes in latent periods, adsorption rates or new infections. 
The increment-based analysis was developed based on studies 
by Weinbauer et  al.  (2002) who proposed an alternative anal-
ysis to linear regression where the net viral production rate is 
measured as the difference between averaged maximum and 
minimum viral counts over time. Accounting for fluctuations in 
viral counts, Winter et al. (2004) updated the approach to allow 

multiple maximum–minimum pairs, and Luef et  al.  (2009) 
standardised the approach into the online tool VIPCAL (Viral 
Production Calculator; https://​nuhag​php.​univie.​ac.​at/​vipcal/​). 
The increment-based VIPCAL approach provides less conserva-
tive estimates of viral production compared to linear regression 
but may be more susceptible to overestimations due to variance 
among replicates and time points, as it averages viral counts 
across replicates for each time point, potentially amplifying the 
effect of outliers.

In addition to determining lytic viral production by aquatic 
prokaryotes, the assay can be used to estimate the prevalence 
of lysogeny by adding the antibiotic mitomycin C as the in-
ducing agent to trigger prophages into entering the lytic cycle 
(Weinbauer and Suttle  1999; Sekiguchi and Takagi  1960; 
Evans et al. 2009; Evans and Brussaard 2012). For the linear 
regression approach, the difference in viral production rates 
between mitomycin C-treated (VPC) and untreated (VP) 
series provides the mitomycin C-induced viral production 
rate used to estimate the prevalence of lysogeny (Figure  1e). 
Alternatively, VIPCAL estimates the occurrence of lysogeny 
from a difference curve that is calculated by subtracting aver-
aged viral counts per time point of VP from VPC treatments 
per time point (Figure  1h). While VIPCAL offers generally 
higher reproducibility as an online tool, the lack of inspection 
and risk of overestimating production rates influence the con-
fidence in viral production rate estimations. Both approaches 
have strengths and limitations, yet it is unclear how these ap-
proaches compare in estimating viral production rates.

The duration of the assay and subsampling frequency are rele-
vant for also impacting viral production estimates. Most studies 
use 3-h intervals over a 9 or 12 h period, with some adding an 
additional 24 h sample (Table S1). In (highly) productive coastal 
waters, subsampling every 1–2 h over a shorter total incuba-
tion time is preferred, whereas longer subsampling frequencies 
(every 6–7 h) and incubation duration (up to 70 h) have been re-
ported for oligotrophic open ocean studies (Table S1). Moreover, 
high bacterial growth rate, short phage latent period and 
high burst size can contribute towards increased re-infection, 
causing overestimation of lytic viral production (and under-
estimation of induced viral production) if not corrected for by 
shortening the incubation duration (Winget et al. 2005; Noble 
and Fuhrman 2000; Parada et al. 2007; Motegi et al. 2013). As 
the viral production assay aims at measuring viruses produced 
only from the infections that occurred prior to the assay, knowl-
edge on how long to incubate will aid in accurately estimating 
viral production rates.

In this study, we performed a literature survey to assess the 
prevalence of linear regression and VIPCAL approaches for es-
timating lytic and mitomycin C-induced viral production rates. 
We then provide evidence of differences in viral production rates 
estimated between linear regression and VIPCAL by simulating 
viral production assay datasets in silico, emphasising the need 
for further standardisation of methodologies when estimating 
viral-mediated bacterial mortality and lysogeny. We introduce 
VIPCAL-SE, where we improve VIPCAL by adding stricter 
maxima and minima scouting, ensuring estimations with higher 
confidence. We also highlight the importance of considering the 
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duration of the incubation driven by bacterial growth in avoid-
ing over- and underestimations in viral production calculations. 
Lastly, we compare the performance of VIPCAL-SE with linear 

regression and VIPCAL in different marine environments to 
test the applicability of the approach in estimating viral produc-
tion rates under different trophic statuses.

FIGURE 1    |    Schematic representation of the two major prevalent data analysis approaches of viral production assay: The linear regression and 
VIPCAL. Viral counts (VC; in viruses mL−1) are plotted over time (T; in h) for unamended incubation, VP (a) and mitomycin C-treated incubation, 
VPC (b) treatments. The linear regression approach selects a period of productivity (here, T2–T6) and calculates lytic (c) and combined lytic and 
induced viral production rates (d) by averaging the mean of the slopes of viral counts (VC) over time. In the linear regression approach, induced vi-
ral production rate is calculated by subtracting lytic from the combined production rate (e). VIPCAL computes the lytic viral production rate (f) by 
analysing changes in viral counts over defined time intervals. However, it is not directly applied to the induced + lytic treatment (VPC) to estimate 
induced viral production (g). Instead, induced production is inferred by applying the method to a difference curve (h) that is calculated by subtracting 
averaged VP viral counts from VPC per time point, capturing fluctuations indicative of induced viral production.
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2   |   Results and Discussion

2.1   |   Comparing Prevalent Analytical Approaches

Viral production assays have been the gold standard for esti-
mating viral production rates in mixed aquatic bacterial com-
munities for about three decades now (Xie et al. 2021; Winget 
et al. 2005). We identified a total of 89 studies that performed 
viral production assays to estimate lytic viral production rates 
due to viral-mediated bacterial mortality, of which 33 studies 
also estimated the prevalence of lysogeny by adding the antibi-
otic mitomycin C as an inducing agent (Figure 2a). Of the stud-
ies compiled, 64% employed the linear regression approach to 
estimate lytic viral production rates, whereas both the linear re-
gression and VIPCAL approaches were equally prevalent when 
calculating induced viral production rates.

Given the common use of the linear regression and VIPCAL 
approaches in estimating viral production rates, it is pertinent 
to understand how the estimates compare between these two 
approaches. However, as most viral production studies have not 
published the actual viral counts per replicate per time point, we 
cannot utilise existing studies to compare viral production rate 
estimates. Therefore, we performed a Monte Carlo simulation 
to generate 1000 viral production assay datasets (VP and VPC 
treatments) in silico that were subsequently used to assess the 
lytic and induced viral production rates extracted using the lin-
ear regression and VIPCAL approaches.

Existing studies that employed the linear regression approach 
differed slightly in the order in which they treated the data 
between replicates and time points. Some studies calculated 
individual slopes per replicate and then averaged them to ob-
tain the overall average viral production rate (LR-1), whereas 
others averaged viral counts per time point and then obtained 
the overall production rate from the single slope (LR-2). Lastly, 
there were a few studies that computed a single slope by com-
bining viral counts from all replicates without averaging viral 
counts (LR-3). Despite these variations in the order of data han-
dling, the calculated mean viral production rates did not differ 
between these approaches (Kruskal–Wallis rank sum test, chi-
squared = 1.8348e−05, p = 1) (Figure  S1a). This is simply due 

to the linearity of summations. Standard errors (SE) calculated 
by these approaches, however, differed significantly (Kruskal–
Wallis rank sum test, chi-squared = 500.9, p < 0.0001) from each 
other (Figure S1b). Standard deviations (using Dunn's post hoc 
test with Bonferroni correction) were significantly lower for 
LR-1 compared to LR-2 (Z = −22.14, adjusted p < 0.0001) and 
LR-3 (Z = −13.92, adjusted p < 0.0001), while LR-2 has a sig-
nificantly higher SE calculation than LR-3 (Z = 8.22, adjusted 
p < 0.0001). As LR-1 captures potential biological variability be-
tween replicates before averaging them, we deem LR-1 (here-
after referenced as the ‘linear regression’ approach) the most 
appropriate representation for the linear regression approach.

We applied a fixed assay duration of six time points to compare 
lytic and induced viral production rates estimated using lin-
ear regression and VIPCAL approaches. Significantly higher 
lytic (Kruskal–Wallis rank sum test, chi-squared = 1441.6, 
p < 0.0001) and induced (Kruskal–Wallis rank sum test, chi-
squared = 1417.7, p < 0.0001) viral production rates were ob-
served when using VIPCAL as compared to linear regression 
(Figure 2b). The only other viral production study reporting viral 
production rates estimated using both approaches also found 
higher rates by VIPCAL as compared to linear regression (Ho 
et al. 2021). Considering the prevalence of both linear regression 
and VIPCAL in the literature and the significant differences in 
the viral production rates estimated by these approaches, cau-
tion is advised when comparing findings from studies employ-
ing different approaches. Similarly, meta-analysis studies should 
consider the impact of the analytical method used, and public 
databases, such as the global Viral Oceanography Database 
(gVOD) (Xie et al. 2021), should report the analytical approach 
used for the viral production estimations.

2.2   |   Upgrading VIPCAL to VIPCAL-SE

VIPCAL currently ignores spread in viral counts between repli-
cates (as it averages the viral counts per time point per treatment), 
making it prone to erroneous identification of maximum–min-
imum pairs due to potential outliers. Statistical analysis tech-
niques such as outlier analysis, t-test and Mann–Whitney test 
are deemed inappropriate for maxima–minima scouting due to 

FIGURE 2    |    Comparison of data analysis approaches used for viral production rate estimations. (a) Cumulative number of studies published that 
estimated lytic and induced viral production rates using the linear regression and VIPCAL approaches from 1996 to 2024. (b) Distribution of lytic 
and induced viral production rates determined from the Monte Carlo simulation using the linear regression and VIPCAL approaches. Significant 
differences in the estimates are highlighted (****p < 0.0001).
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the typically small replicates group size (n = 2–5, typically n = 3). 
Therefore, we incorporated SE of the mean to assess true max-
ima and minima in our dataset. As per our model, a maximum–
minimum pair is identified when the mean + SE of viral counts 
at time point Tn is smaller than the mean − SE at T(n + 1), that is, 
their SE do not overlap (Figure 3a,b). To elaborate, we first iden-
tify maxima and minima pairs based on mean viral counts. The 
validity of each pair is then tested by ensuring non-overlapping 
SE. To further refine the period of productivity, each minimum 
is compared with the next timepoint to ensure a significant dif-
ference. If the SE overlap, the minimum is iteratively shifted to 
the next time point until a significant difference is observed or 
the next time point corresponds to a maximum. We refer to this 
refined model as ‘VIPCAL-SE’.

Comparing VIPCAL-SE with VIPCAL, it estimates ‘zero’ or 
no lytic viral production rates for 31% of the simulated dataset, 
whereas VIPCAL estimates it for 0.1% of all cases. Furthermore, 
lytic viral production estimates differ significantly (Figure  3c; 
Kruskal–Wallis rank sum test, chi-squared = 9.07, p < 0.05), 
with higher rates estimated by VIPCAL-SE in nearly half of 
the simulated datasets. Generally, stricter maxima–minima 
identifications by VIPCAL-SE lead to higher production esti-
mations due to the rates being calculated over a shorter period. 
To summarise, VIPCAL-SE reduces overall estimations of lytic 
viral production rates but provides higher production rates than 
VIPCAL and with greater confidence due to the incorporation of 
SE of means in identifying maximum–minimum pairs.

When extracting lysogeny occurrence, we calculated the SE 
of the difference curve between VPC and VP using two ap-
proaches, that is, a combined SE formula (Equation 1, Methods) 
and a linear mixed effect regression model. The latter model ex-
plains variations in viral counts with treatment and time point, 
along with their interactions, as fixed effects, and a random 

effect for replicates to account for variability between them. 
Significant differences were observed in viral production due 
to lysogenic inductions between VIPCAL-SE modified with 
SE using the combined SE formula and the linear mixed effect 
regression model (Figure  S2; Kruskal–Wallis rank sum test, 
chi-squared = 19.152, p < 0.0001). With a maximum of 18 data 
points (three replicates, six time points), using a linear mixed 
effect regression model to precisely estimate the SE of the dif-
ference curve may lead to overfitting, which could cause further 
analytical errors. Therefore, we conclude that the combined SE 
formula is the most appropriate method to calculate SE the dif-
ference curve.

The induced viral production rates obtained using VIPCAL-SE 
were significantly lower than those retrieved using VIPCAL 
(Figure 3c; Kruskal–Wallis rank sum test, chi-squared = 496.43, 
p < 0.0001). VIPCAL provided higher estimations on 77% of the 
simulated dataset. VIPCAL-SE estimated ‘zero’ or no induced 
viral production for 76% of the dataset, compared to only 0.3% of 
VIPCAL. The inclusion of SE of means in VIPCAL-SE thus re-
duces the incidence of potentially false induced viral production 
estimations that could have been propagated by erroneous iden-
tification of maximum–minimum pairs due to outliers in viral 
counts. VIPCAL-SE provided higher lytic and induced viral pro-
duction rates than linear regression as it only focuses on periods 
of productivity (Figure S3).

2.3   |   Determining Assay Endpoint

One of the key principles of the viral production assay is to 
measure viral production exclusively from infections that hap-
pened before the start of the assay. Overestimations potentially 
occur if new productive infections occur during the assay. The 
viral production assay is designed to reduce the collision rate 

FIGURE 3    |    VIPCAL-SE for viral production rate estimations. Addition of the SE of the means ensures high confidence maxima–minima pairs 
are utilised for lytic (a) and induced (b) viral production rate estimates. VIPCAL-SE uses VIPCAL approach by analysing increments in viral counts 
(VC; in viruses mL−1) over time (T; in h) to estimate viral production rates. SE of the means are calculated on the difference curve by using the com-
bined SE formula. Periods of productivity considered by VIPCAL and VIPCAL-SE are highlighted using grey dashed boxes and black solid boxes, re-
spectively. (c) Distribution of lytic and induced viral production rates determined using VIPCAL and VIPCAL-SE approach, highlighting significant 
differences in the estimates (****p < 0.0001, **p < 0.05).
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between bacteria and viruses by washing out viruses prior to 
incubation to minimise new infections. However, if the bacterial 
production is high (leading to higher standing stock) and viral 
proliferation is high, the collision rate between the bacterial host 
and viruses increases. Consequently, the risk of secondary in-
fections later in the assay increases, leading to overestimations 
in viral production rates (Winget et al. 2005; Motegi et al. 2013). 
Bacterial production and growth vary depending on sampling 
location, season, time of the day, depth, photosynthetically ac-
tive radiation intensity, nutrient availability, among other fac-
tors. To prevent the release of virus progeny from secondary 
infections, it is relevant to consider the duration of the viral pro-
duction assay (Noble and Fuhrman 2000). Ideally, the bacterial 
gross growth rate is assessed for each assay prior to incubation 
to determine maximum incubation time. This is, however, most 
often practically not feasible during scientific cruises. Besides, 
viral production assays are generally performed without addi-
tional bacterial production measurements. Therefore, we rec-
ommend an extended incubation period of 12 h (or even 24 h) 
and increased subsampling frequency, whereby the actual du-
ration is determined after sample processing based on bacterial 
net growth rate (from flow cytometric bacterial enumeration on 
samples used for viral counting). For each assay, we defined a 
cutoff time as the last sampling point before the net bacterial 
generation time (Equations 2 and 3)—calculated relative to the 
0 h subsample—in the unamended (VP) treatment exceeded 
24 h. This minimises the chance of secondary infections and re-
lease of viruses during the incubation. We call this time point 
the net generation time endpoint (NGTE). We performed seven 
viral production assays in the coastal North Sea (CNS) waters 
of the Netherlands, and a large variation in bacterial growth 
was already observed during the 2 months sampling period. 
Bacterial net growth rates varied from −0.002 to 0.03 d−1, result-
ing in NGTEs of 3–24 h, demonstrating the relevance of taking 
incubation duration into consideration, especially in highly pro-
ductive coastal waters (Figure 4a).

We determined the relative virus-bacterial host cell collision 
rate (Equation  4, Methods) compared to the start of the incu-
bation (T0) to assess whether net bacterial growth (expressed as 
NGTE) serves as a reliable indicator for incubation duration. In 
the VP treatments, collision rates at the end of the 24 h incu-
bations (Figure 4a) ranged from 0.95 to 16.9 (mean ± standard 
deviation, 5.34 ± 5.27), relative to the initial rate at T0. The tem-
poral dynamics show that the collision rate did not increase 
substantially before the calculated NGTE, supporting the use 
of NGTE to estimate the maximum duration of incubation for 
the viral production assay. Still, collision rates clearly increased 
after the NGTE in four of the seven assays, demonstrating that 
adaptation of the duration length is indeed recommended. We 
calculated lytic viral production using VIPCAL-SE for the en-
tire 24 h duration and until the specific NGTE. We observed 
that lytic viral production rates calculated at NGTE were sig-
nificantly lower than at T24 (Figure 4b; Wilcoxon rank sum test, 
W = 2.5, p < 0.05). For samples 2 and 3, the lytic viral production 
rates at NGTE no longer showed viral production (Figure 4b). 
This test shows the potential for overestimating lytic viral pro-
duction rates (due to secondary infections) when performing 
long incubations. The strong variation in these seven assays 
most likely represents fluctuations in microbial community 
structure as observed in dynamic coastal ecosystems that are 

also influenced by tides, riverine freshwater input and terres-
trial runoffs (Aguilar et al. 2025; Doan et al. 2014; Marín-Vindas 
et al. 2023; Meyneng et al. 2024; Van Duyl and Kop 1988).

As expected, the VPC treatment did not show increases in rel-
ative collision rates (Figure  4a; mean ± standard deviation, 
0.88 ± 0.36). The antibiotic mitomycin C has an inhibitory effect 
on bacterial growth due to DNA cross-linking, DNA alkylation 
and production of reactive oxygen species in bacterial hosts 
(Tomasz 1976, 1995; Dapa et al. 2017). A strong difference be-
tween bacterial net growth rates between the VPC and the VP 
treatments complicates the extraction of induced viral produc-
tion rates from the VPC treatment. We observed, however, that 
at NGTE the relative collision rates between the VP and VPC 
treatments remained comparable (Figure 4a), further strength-
ening the application of NGTE for final virus production rate 
extraction. We applied the VIPCAL-SE approach to determine 
induced viral production rates for the entire assay duration (T0–
T24) and until the NGTE. Mitomycin C-based inductions were 
observed in three out of seven assays using VIPCAL and in two 
using VIPCAL-SE, with no significant differences found be-
tween T0–T24 and T0–NGTE induced viral production rate cal-
culations (Figure 4c; Wilcoxon rank sum test, W = 11, p > 0.05).

2.4   |   Comparing Estimations Across Seas

We compared the performance of VIPCAL-SE with linear re-
gression and VIPCAL in estimating viral production rates across 
three marine environments (Figure 5): (i) the temperate, CNS 
around the Netherlands, which was mesotrophic at the time of 
sampling (n = 7); (ii) the oligotrophic, open North Sea (ONS) in 
summer (n = 2); and (iii) the oligotrophic, tropical, coastal wa-
ters of Curaçao in the Caribbean Sea (CCS; n = 5). We also in-
corporated the NGTE as a factor for VIPCAL-SE that has not 
explicitly been considered in determining viral production rates 
in the linear regression and VIPCAL approaches previously. In 
contrast to the CNS samples presented earlier (with high varia-
tion in bacterial net generation time, resulting in a wide range 
of NGTEs), the net generation times in the ONS and the CCS 
samples were consistently > 24 h (NGTE is T24) with the excep-
tion of CCS-3, where the endpoint was determined to be T12 
(Figure  S4). This screening indicates that agreement between 
the analytical approaches estimating viral production depends 
on the trophic state of the sampled waters (Figure 5a).

All approaches in the oligotrophic Caribbean Sea provided similar 
estimates, most likely due to relatively low bacterial net growth, 
steady virus production and no explicit viral loss (Figure S4). In 
the open North Sea, the VIPCAL-SE estimates were higher, not 
due to NGTE adjustment but most likely because of the relatively 
high SE leading to shortening of the considered period of in-
crease. Similarly, the Dutch coastal water station CNS-5 showed 
higher lytic viral production rates with VIPCAL-SE. Our em-
ployment of the NGTE as an in situ control to determine the max-
imum incubation period lead to reduction in estimates for Dutch 
coastal water stations (CNS-2–4). We observed higher discrepan-
cies between the different approaches in estimating the induced 
viral production, irrespective of the trophic state of the sampled 
water (Figure 5b). While VIPCAL estimated induced viral pro-
duction for all 14 samples, VIPCAL-SE estimated it for only half. 
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By incorporating SE, VIPCAL-SE reduced overestimations by 
VIPCAL. Additionally, VIPCAL-SE provided higher estimates 
than linear regression for five stations (CNS-7, ONS-1, ONS-2, 
CCS-3 and CCS-4), as it only focused on periods of productivity. 
In summary, incorporation of SE provided viral production esti-
mates with higher confidence across trophic status, while NGTE 
reduced potential overestimation due to high bacterial growth in 
productive coastal seas assays (that could potentially lead to sec-
ondary viral production if not corrected for).

Negative values may occur during viral production analyses 
(Knowles et  al.  2017). In the linear regression approach, in-
duced viral production is calculated by subtracting the VP 
slope from the VPC slope. This can result in a negative rate 
if the slope of the VPC treatment is lower than that of VP 
(CNS-1-5, CCS-1, CCS-5). A negative difference curve is also 
possible when applying VIPCAL or VIPCAL-SE. However, 
as these approaches focus on increments, the induced viral 
production estimated will be positive or zero at worst. Our 

FIGURE 4    |    Impact of incorporating bacterial net generation time endpoint (NGTE) in viral production calculations for seven viral production 
assays performed at the coastal Dutch North Sea. (a) Evolution of mean relative collision rate between bacteria and viruses in VP (no mitomycin C 
addition) and VPC (mitomycin C) treatments over time. A cutoff time point (NGTE) was determined for each assay, where it is the timepoint at which 
net bacterial generation time in the VP treatment is less than 24 h. This minimises the chance of secondary infections and release of viruses during 
the incubation. A divergence in mean relative collision rates were observed between the two treatments after NGTE. Comparison of lytic (b) and 
induced (c) viral production rates estimated using VIPCAL-SE at NGTE (T0 to NGTE) and for the entire duration of the assay (T0–T24). The symbol 
‘×’ denotes instances where no detectable viral production was observed.
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study shows that a possible cause is the overestimation of 
lytic viral production due to high bacterial growth, leading 
to underestimation of lysogeny by the linear regression ap-
proach and consequently producing negative viral production 
rates (CNS-2). Alternatively, mitomycin C based inductions 
may not fully represent community-wide lysogeny, as they 
selectively induce only certain fractions of lysogens and are 
also dose-dependent (Weinbauer and Suttle  1996; Sekiguchi 
and Takagi  1960; Knowles et  al.  2017; Ackermann and 
DuBow  1987; Paul  2008). While selective induction should 
theoretically lower induced production estimates, the pres-
ence of negative induced viral production still suggests that 
mitomycin C might affect lytic viral production as well (po-
tentially by killing bacterial cells before viral mediated cell 
lysis or not allowing progeny viruses to be released). Viral 
production assays traditionally found no impact of mitomy-
cin C on viral DNA production in T2r-, T3- and T5-infected 
Escherichia coli (Sekiguchi and Takagi  1960). The effect of 
mitomycin C on lytic production in mixed marine bacterial 
communities is still largely unclear and warrants further in-
vestigation to refine lysogeny estimations.

2.5   |   Considerations in Further Refining Viral 
Production Estimates

While this study focuses on extracting more accurate viral pro-
duction rates from the viral counts in the viral production assay, 
we recommend assessing several factors before and after rate 
extractions. The subsampling frequency and total incubation 
period are important factors to be considered when performing 
a viral production assay. Our study shows that it is well justi-
fied to adapt a higher subsampling frequency in more produc-
tive (coastal) waters, as compared to more oligotrophic waters 
such as the open ocean (Table  S1). We recommend hourly or 
even half-hourly subsampling for the first 6 h of incubation. In 
contrast, for less productive waters, we recommend incubations 
up to 24 h to ensure production of viruses with long latent peri-
ods and/or delayed production upon induction with mitomycin 
C are also accounted for. To be safe, the assay duration can be 
longer in practice as it can be estimated post hoc by the principles 
of NGTE. Another source of uncertainty lies in the estimation 
of viral burst size, which is essential to translate viral produc-
tion rates to viral-mediated bacterial loss, carbon and nutrient 

FIGURE 5    |    Viral production estimates calculated using four analytical approaches: Linear regression, VIPCAL, VIPCAL-SE and VIPCAL-
SE at the net generation time endpoint (NGTE) in three marine environments—coastal North Sea (CNS), open North Sea (ONS) and the Curaçao 
Caribbean Sea (CCS). The NGTE varied by sample: T3 for CNS-4; T6 for CNS-2; T12 for CNS-3, CNS-7 and CCS-3; T17 for CNS-1 and T24 for all other 
samples. The symbol ‘×’ denotes instances where no detectable viral production was observed. All data can also be found in Table S2.
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release, and the prevalence of lysogeny. A community burst size 
is often assumed from literature values, typically based on pre-
vious studies at similar locations or conditions. However, burst 
sizes may vary for the different bacterial host groups (Parada 
et al. 2006) and are dependent on the metabolic state of the bac-
terial host, type of virus, time of infection and host composition. 
Ideally, burst size must be calculated for every community (e.g., 
using transmission electron microscopy; Parada et  al.  2006; 
Weinbauer et al. 2002; Shruthi et al. 2022), but this is generally 
not feasible for every laboratory. We therefore recommend that 
authors of future studies provide not only the assumed burst 
size but also the raw microbial counts and production rates from 
their studies to facilitate future meta-analyses.

Lastly, a 0.22 μm filtered control treatment is commonly included 
to check for potential loss of viruses by adsorption to the walls of 
the incubation tubes or to small-sized colloidal particles (Maat, 
Visser, et al. 2019; Maat, Prins, et al. 2019; Richter et al. 2021). 
Note that corrections for viral loss must be applied per sampling 
point before viral production rates are estimated. Our study 
showed high viral loss in the coastal waters with high turbidity. 
Given that turbidity and colloid particle composition vary across 
environments (Shi and Wang 2010), an improved understanding 
of the underlying loss mechanisms is recommended.

3   |   Conclusions

Accurate and standardised estimations of viral-mediated bacterial 
mortality and prevalence of lysogeny are important factors when 
deciphering the ecological role of viruses in any given environ-
ment. We provided a comprehensive assessment of the two major 
existing analytical approaches (linear regression and VIPCAL) 
in extracting lytic and induced viral production rates from the 
viral production assays. While linear regression considers biolog-
ical variability between replicates when determining production 
rates, it is more subjective as it relies on expert evaluation to deter-
mine periods of productivity. VIPCAL has an edge as it accounts 
for fluctuations in viral counts and is standardised as an online 
tool, enhancing reproducibility, but is also susceptible to overesti-
mations due to variability between replicates and potential outli-
ers. We introduced VIPCAL-SE, where we improved on VIPCAL 
by incorporating SE of means when identifying maximum–min-
imum pairs. This accounts for biological and ecological variabil-
ity in viral counts overlooked by VIPCAL. We also introduced a 
bacterial NGTE cut off to more precisely define the assay duration 
as an in situ control, particularly in coastal and estuarine regions 
with rapid spatiotemporal fluctuations in bacterial net growth 
rates. We demonstrated that VIPCAL-SE improves the quality of 
the lytic and induced viral production rates as compared to linear 
regression and VIPCAL. While VIPCAL-SE through the viral-
prod R package delivers increased reproducibility and standardi-
sation, we want to highlight the importance of visual inspection 
of the dynamics of viral counts over the assay duration to deter-
mine any potential outliers that might interfere with viral produc-
tion estimations using VIPCAL-SE. With thorough inspection of 
viral counts from the viral production assay, incorporation of SE 
of means and employment of NGTE, VIPCAL-SE minimises er-
rors in viral production rate calculations, aiding in more accu-
rate estimations of bacterial mortality and lysogeny, especially in 
highly productive environments.

4   |   Methods

4.1   |   Literature Survey

A non-exhaustive, approach-centric literature search was per-
formed to identify viral production studies employing viral pro-
duction assays. We surveyed the Web of Science Core Collection 
on 28 May 2024, using the search string in the topic field ‘(TS = 
(marine AND (virus* OR viral) AND (bacteri* OR microb* OR 
prokaryot*) AND (production OR mortality OR lysis)))’ to ex-
tract studies concerning viral production or bacterial mortality 
in the marine environment. We only retained studies that used 
one of the three following virus reduction approaches—dilution 
with virus-free water, viral reduction over a 0.22 μm membrane 
filter/vacuum pump setup, and tangential flow filtration for 
comparison. Studies on lysogeny that did not use mitomycin C 
to induce lysogens were excluded. Information on the year of 
publishing, type of virus reduction approach employed, number 
of assays performed for lytic and induced viral production esti-
mations, subsampling time points and the data analysis meth-
ods used (linear regression model-based or increment-based 
(VIPCAL) approaches) were extracted (Table S1).

4.2   |   Simulation Dataset Generation

As most viral production studies have not published the direct 
viral counts per replicate per time point, we cannot utilise pub-
lished studies to compare the performance of the linear regres-
sion model with VIPCAL in extracting viral production rates. 
To circumvent this, we used a Monte Carlo approach to simulate 
a dataset of 1000 viral production assays in silico. Each assay 
consisted of two treatments (VP for lytic viral production and 
VPC for lytic and induced viral production), three replicates per 
treatment and six subsampling time points (T1–T6). A mean viral 
count was randomly assigned per treatment per time point with 
values ranging between and including two and three. To fur-
ther incorporate noise between replicates due to biological and 
technical reasons, we randomly assigned a percentage standard 
deviation (% SD) between 0% and 100%. Standard deviation (SD) 
was calculated by multiplying % SD with mean viral counts. 
We used the mean viral count and SD to generate three random 
positive numbers that were assigned to each replicate, per treat-
ment, per time point. This dataset was used to assess viral pro-
duction rates.

4.3   |   Viral Production Assay

To understand the implication of assay duration, we performed 
seven viral production assays in the Dutch CNS (August and 
September 2020), two in the open North Sea (ONS; September 
2020 and April 2021) and five in the Caribbean Sea around 
Curaçao (CCS; April 2022). These assays followed the approach 
of Winget et  al.  (2005), with a modification: surface seawa-
ter samples were gently (reversely) pre-sieved through a large 
50 μm pore size sieve and siphoned into a polycarbonate carboy 
to exclude phytoplankton colonies (e.g., Phaeocystis globosa late 
summer blooms) and larger organisms, without lysing bacterial 
cells, to avoid clogging the filtration cartridge. Briefly, virus-
free seawater was generated using a 30 kDa polyether sulfone 
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(PES) membrane Vivaflow 50 tangential filtration flow (TFF) 
cartridge (Sartorius, Germany). To reduce the viral abundance, 
300 mL of seawater sample was washed with virus-free seawa-
ter using a 0.22 μm PES Vivaflow 50 TFF cartridge (Sartorius, 
Germany) at a permeate discharge rate of 40 mL min−1. When 
the retentate volume was reduced to 50 mL, 250 mL of virus-free 
seawater was added and allowed to reduce back to 50 mL. This 
step was repeated two more times or until a total of 750 mL of 
virus-free seawater was used for flushing. The 50 mL retentate 
was topped with 250 mL of virus-free seawater and aliquoted 
into six 50 mL Greiner tubes (Sigma-Aldrich, USA). Three tubes 
were left unamended to quantify lytic viral production (VP treat-
ment), whereas the antibiotic mitomycin C (final concentration, 
1 μg mL−1, Sigma-Aldrich, USA) was added to the other three 
tubes to induce prophages into entering the lytic cycle (VPC 
treatment). Additionally, 0.22 μm filtered seawater was incu-
bated in parallel in triplicate to assess viral loss due to adsorption 
to Greiner tube walls. Sample tubes were incubated in the dark 
in a water bath at the in situ temperature. After gentle mixing, 
1 mL aliquots were taken at 0, 3, 6, 9, 12 and 24 h (for CNS-1 and 
CNS-2, at 0, 3, 6, 17, 20 and 24 h), fixed with 0.5% glutaraldehyde 
(25%, EM-grade, Merck, USA) for 15 min at 4°C, flash frozen in 
liquid nitrogen, and stored at −80°C. All seawater processing was 
performed at in situ temperatures and dimmed light conditions.

4.4   |   Microbial Abundances

Bacterial and viral abundances were enumerated using SYBR 
Green I-assisted flow cytometry on a Becton-Dickinson 
FACSCalibur flow cytometer as outlined by Marie et al. (1999) 
and Brussaard  (2004), with modifications by Mojica 
et al. (2014). In short, samples were fixed in 25% EM-grade glu-
taraldehyde (final concentration, 0.5%; Sigma-Aldrich, USA) 
for 30 min at 4°C, followed by flash freezing and storage at 
−80°C. For flow cytometric analysis, samples were thawed and 
diluted in Tris–EDTA buffer (pH 8.2, 10 mM Tris–HCl, 1 mM 
EDTA; Sigma-Aldrich, USA) filtered with FP 30 mm 0.22 μm 
syringe filter (Whatman Puradisc, Sigma-Aldrich, USA) to 
obtain an event rate of 200–800 events s−1. The samples were 
stained with the nucleic acid-specific dye SYBR Green I (final 
concentration, 1.0 × 10−4 of the commercial stock, Thermo 
Fisher Scientific, USA) and incubated in the dark for 10 min 
at 80°C for viral enumeration, after which they were cooled 
down for at least 5 min before analysis. For bacterial enumera-
tion, samples were stained for 10 min in the dark at room tem-
perature. The stained samples were counted based on green 
fluorescence versus side scatter upon excitation with a 488 nm 
Argon-Ion (15 mW) laser.

4.5   |   Analyses

All data handling was done in R Statistical Software (Team, R. 
C 2000) in RStudio (Racine 2012) using the tidyverse R pack-
age (Wickham et al. 2019). Raw flowcytometry data files were 
processed using the flowCore (Hahne et  al.  2009) and flow-
Workspace (Finak et al. 2012) R packages to extract bacterial 
and viral counts for viral production rate estimations. Viral 
loss rates were calculated as the slope of a first-order linear 
regression fitted to viral abundance over time in the 0.22 μm 

incubations. The production rates were estimated on viral loss 
corrected viral counts by first-order linear regression and by 
VIPCAL (original and with modifications as described) using 
the viralprod R package (github.​com/​mdhis​hamsh​aikh/​Viral​
Produ​ction_​R) (Shaikh et al. 2023). The combined SE of means 
of the difference curve for the VIPCAL-SE approach was calcu-
lated using Equation (1):

where SE is the standard error of means and MVC is the mean 
viral counts at given time point.

The net bacterial growth rate at any given subsampling time was 
calculated using Equation (2):

where μ is the bacterial growth rate and BA is the bacterial 
abundance at a given time T.

The net bacterial generation time was calculated using 
Equation (3):

where GT is the generation time and μ is the bacterial growth rate.

Relative collision rates were calculated with respect to T0 using 
Equation (4):

where BA and VA are bacterial and viral abundance at a given 
time T, respectively.

Viral production rates were compared between groups using the 
Kruskal–Wallis and Wilcoxon rank sum tests from the stats R 
package. Additionally, Dunn's test from the dunn.test R package 
(Dinno and Dinno 2017) was applied as a post hoc analysis to 
control for multiple comparisons and to identify specific group 
pairs with significant differences. Plots were generated using 
the ggplot2 R package (part of tidyverse) and compiled using 
Inkscape (Inkscape Project 2024).
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√
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Tn − T0

(3)GT =
ln 2

�

(4)

Relative Change in collision rate at Tn =
BATn

× VATn

BAT0
× VAT0
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Supporting Information

Additional supporting information can be found online in the Supporting 
Information section. Figure S1: Comparison of three variations in 
the linear regression model (LR) analysis approach in extracting viral 
production rates. (a) No significant differences were observed in lytic 
and induced viral production estimates between the three variants. (b) 
Significant differences (p < 0.0001) were observed in the standard errors 
calculated between the three LR variants used to estimate both lytic 
and induced viral production rates. Figure S2: Impact of using com-
bined standard error formula (Equation 1) and applying a linear mixed 
effects model (LMER) to extract standard errors of the difference curve 
when estimating mitomycin C-induced viral production rates using 
VIPCAL-SE approach. Significant differences were observed between 
the two approaches (****p < 0.0001). Figure S3: Comparison of lytic 
and induced viral production rates estimated using LR, VIPCAL and 
VIPCAL-SE approaches. All approaches provide significantly different 
estimates from each other (p < 0.0001). Figure S4: Evolution of mean 
relative collision rate between bacteria and viruses in VP (no mitomycin 
C addition) and VPC (mitomycin C) treatments over time in viral pro-
duction assays performed in coastal North Sea (CNS), open North Sea 
(ONS) and Curaçao Caribbean Sea (CCS). Net generation time endpoint 
(NGTE) is the timepoint at which net bacterial generation time in the 
VP treatment is less than 24 h. A divergence in mean relative collision 
rates were observed between the two treatments after NGTE. Table S1: 
A literature survey of viral production studies using linear regression 
and increment-based (VIPCAL) approaches. Table  S2: Metadata and 
results of viral production performed in the open North Sea, coastal 
North Sea and coastal waters of Curaçao in the Caribbean Sea. 
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