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Abstract To better comprehend microbial inva-

sions, researchers need more insight into how envi-

ronmental conditions affect biogeographic patterns in

microbes. Recent study suggests that environmental

conditions are important predictors for when invasive

microbes might become established, actively partici-

pating members of a community, but that dispersal

also can be important in determining invasion success

in conducive environments. In this study, we explored

how detection limits affected the ability of a local-

scale environmental model to predict the presence of

the putative microbial invader Prymnesium parvum at

a regional scale. The local-scale model was robust

when applied to the regional dataset. Regardless of

sensitivity (i.e., minimum detection limit used), P.

parvum presence was well predicted by environmental

parameters. The highest accuracy was obtained at a

detection limit that corresponds with detection limits

routinely achieved using standard microscope-based

analysis, while lower detection limits typical of

molecular approaches worsened the model’s predic-

tive capabilities. Although many mechanisms may be

limiting our ability to predict P. parvum presence at

low abundances (e.g., dispersal, source-sink dynam-

ics, methodological limitations), we argue here that

environmental filtering plays a role in regulating

population growth above these low abundances. The

importance of environmental traits in predicting the

presence of this microbial species suggests that

environmental conditions are critical determinants of

the establishment and spread of P. parvum.

Keywords Microbial invasive species � Dispersal �
Detection limit � Prymnesium parvum

Introduction

Although impacts of some microbial invasive species

are conspicuous, such as chestnut blight, sudden oak

death, and citrus greening disease (Elton 1958; USDA

2015), many microbial invasive species may initially

go unnoticed or remain undetected in their new

environment (Litchman 2010). In many cases, the

mere arrival of a novel microbial species may not be of

concern, particularly if the invader remains rare or
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inactive (Sogin et al. 2006; Jones and Lennon 2010).

Microbial impacts are often only perceived in

pathogenic microbes or once a species has reached a

relatively high abundance, for example in the form of a

bloom of an aquatic microbe (Michaloudi et al. 2008;

Jones 2012; Zamor et al. 2014). As such, the great

majority of potential microbial invasions have prob-

ably gone unnoticed.

The need to address microbial invaders is growing

(Litchman 2010). Because microbial invaders are

understudied, principles derived from macrobial inva-

sion ecology can serve as a starting point for under-

standing microbial invasions (e.g., Acosta et al. 2015).

Macrobial invasion models, often directed at prevent-

ing or mitigating harmful impacts of invasive species

(Lockwood et al. 2007), attempt to predict establish-

ment of exotic species in new habitats by first

understanding the prerequisite process of translocation

or dispersal. However, applying macrobial invasion

models to microbial systems is complicated because

quantifying dispersal, already a fundamentally diffi-

cult task in macrobial organisms such as plants (Lee

and Chown 2009), is substantially more difficult in

microbes (Nemergut et al. 2013). Additionally, accu-

rate identification and quantification of invasive

microbes may rely on recently developed molecular

techniques (e.g., Zamor et al. 2012). Moreover, the

historical view ingrained deeply within microbial

ecology, commonly known as the Baas Becking

hypothesis, postulates that ‘everything is everywhere,

but, the environment selects,’ (i.e., microbial biogeo-

graphic patterns are dependent on environmental

conditions, not dispersal; Baas Becking LGM 1934;

De Wit and Bouvier 2006). Finlay’s (2002) hypothesis

that organisms smaller than 2 mm in length are likely

to be globally distributed minimizes the potential role

of dispersal in regulating microbial invasions. Never-

theless, the relative roles of environmental filtering

and dispersal in predicting invasion success have

become a recent focus of attempts to understand

microbial biogeographic patterns in nature (Finlay

et al. 1999; Martiny et al. 2006; Sogin et al. 2006;

Hanson et al. 2012; Gibbons et al. 2013; Hambright

et al. 2015; Acosta et al. 2015). Recent work has

suggested that the distribution of geographic range

sizes of microbes is similar to those of macrobes, with

many microbes having limited geographic distribu-

tions and some having large ranges (Choudoir et al.

2018).

Environmental conditions may play roles in regu-

lating blooms and further spread. Blooms of microbial

invaders are generally regulated by environmental

conditions such as resource sufficiency (i.e., ‘‘the

environment selects’’, however, other mediating fac-

tors including allelopathy have been hypothesized also

to promote blooms of toxigenic algae, e.g., see

Legrand et al. 2003; Kubanek et al. 2005). Environ-

mental conditions could also affect the ability of

microbial invaders to spread to new habitats because

the number of propagules available for dispersal will

reflect the size of the source population (Martiny et al.

2006; Lockwood et al. 2007; Hanson et al. 2012).

Hence, characterization of conducive environmental

conditions for a given microbe may provide a fruitful

avenue for predicting the success of microbial inva-

sions and blooms and ultimately avoiding harmful

impacts.

However, the way in which we infer the relation-

ship between environmental conditions and microbial

species abundances is strongly dependent on the

methods used for microbial quantification. For exam-

ple, molecular methods are more sensitive than

standard microscope-based optical methods, in that

they can detect a microbial species at lower abun-

dances and with greater accuracy (Zamor et al. 2012).

Thus, if environmental conditions affect microbial

population sizes, they also can affect our ability to

detect a given microbial species in a given environ-

ment, as populations persisting at densities below

detection limits would be discounted even if environ-

mental conditions predicted their presence. Ultimately

to better understand microbial invasions and biogeog-

raphy, we need to better understand how methodolog-

ical detection limits affect our ability to predict the

presence of potential microbial invaders.

We addressed the question of how methodological

detection limits affect prediction of invasive species

success using the putative microbial invader, Prym-

nesium parvum, a.k.a. golden algae. A toxigenic

eukaryote, P. parvum, was originally described from

coastal marine systems (Carter 1937), but for at least

the past 30 years has been documented, mostly due to

blooms and subsequent fish kills, in inland freshwater

ecosystems in southern North America (Roelke et al.

2016). Blooms of P. parvum have been a particular

problem in Oklahoma and Texas, where it appears that

P. parvum has undergone a northern range expansion

from the site of its first discovery in the Pecos River
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drainage (1985) in southern Texas (James and De La

Cruz 1989) to the Red (2001) and Canadian River

watersheds (2003) of northern Texas and Oklahoma

causing massive fish kills (Hambright et al. 2010).

Within these invaded systems, environmental condi-

tions (in particular, salinity and nutrients) have served

as important predictors of P. parvum abundances and

blooms (Rahat and Dor 1968; Israël et al. 2014;

Hambright et al. 2010, 2014, 2015). Within this

system, we tested the hypotheses that (1) microbial

invasions should be predictable based on environ-

mental conditions (i.e., the environment selects) and

that (2) predictability of microbial invasions will also

simultaneously depend on detection limits of the data

used to produce and verify the model. We tested these

two hypotheses by applying a model developed with

local-scale data to predict P. parvum presence at a

regional scale, in a dataset comprised of samples taken

from four watersheds, at ten artificially manipulated

detection limits.

Methods

Study sites and site monitoring

Between 25 January and 01 March, 2008 (winter and

early spring is the typical bloom period of P. parvum,

Hambright et al. 2010; Roelke et al. 2016), we

sampled 62 sites in the Red River watershed, from

the Texas Panhandle to the eastern borders of Okla-

homa and Texas. Site locations ranged from Greenbelt

Reservoir in the Texas Panhandle to Clear Lake in

Southeastern Oklahoma (Fig. 1; for a full list of sites

and their locations see Supplementary material). In the

early spring of 2009 (08 April–10 April), we sampled

24 sites in the South Canadian River watershed from

Lake Meredith in the Texas Panhandle to its conflu-

ence with the Arkansas River at Robert S. Kerr

Reservoir near the Oklahoma—Arkansas border

(Fig. 1; Supplementary material). We also sampled

two sites on Lake Keystone, one site in each of its

respective tributaries, the Arkansas and Cimarron

Rivers (Fig. 1; Supplementary material). Sampled

systems ranged in surface area from small cattle

ponds (\ 0.002 km2), to mid-sized oxbow lakes, to

large reservoirs (360 km2).

At each site, we measured temperature, dissolved

oxygen, specific conductance, pH, and redox, and took

samples for nutrients and P. parvum using the same

protocols as for littoral sampling in Hambright et al.

(2010) and in Zamor et al. (2012). In brief, we sampled

all parameters except nutrients and P. parvum in situ

using a Hydrolab DS5 sonde. Water samples for

nutrient analyses were collected in two 250-mL

Nalgene bottles and stored on ice until we returned

to the lab where we froze 50 mL of whole water until

processing. Whole water samples for total phosphorus

and nitrogen were digested in acid (P) and alkaline

(N) persulfate, respectively, at 120 �C for 1 h and

analyzed by flow injection auto analysis (Lachat

Quikchem 8500 FIA).

We also collected 1-L water samples in Nalgene

bottles for analysis of P. parvum via qPCR and

transported them on ice until processing in the lab.

With these, we filtered 250 mL onto 47-mm-diameter

GF/F filters using gentle vacuum (\ 0.17 kPa). Filters

were then folded and placed into 15-mL plastic Falcon

tubes containing 2 mL of lysis buffer (100 mM Tris

[pH 8], 40 mM EDTA [pH 8], 100 mM NaCl, 1%

sodium dodecyl sulfate) and 200 lL of 0.5-mm

zirconia-silica beads. Samples were then heated in a

hot water bath (5 min, 70�C) and vortexed at the

highest setting for 30 s. This process of heating and

vortexing was repeated three times to create crude

lysates. Crude lysates were then transferred into

sterile, 2-mL microcentrifuge tubes and stored at

-20 �C until we analyzed them with qPCR. We

examined each sample with at least triplicate analyt-

ical qPCR reactions in 96-well plates sealed with

optical film B (BioRad) using an iQ5 real-time PCR

detection system (BioRad) and analyzed using the

associated iQ5 optical system software. Standard

curves were based on linear plasmid DNA containing

the cloned sequence targeted by the primers (see

Zamor et al. 2012 for further qPCR reaction methods

and details).

Local-scale classification models

To assess the role of detection limits in the environ-

mental predictability of P. parvum, we constructed a

series of random forest models using the long-term

monitoring data from Lake Texoma described in

Hambright et al. (2015) (see Fig. 2 for a schematic of

the modeling process). In this analysis, we used only

qPCR-determined P. parvum cell counts and not

microscopy-determined cell counts (n = 861). First,
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cell counts of Prymnesium parvum determined by

qPCR were converted to presence/absence scores

based on a range of plausible detection limits repre-

senting different methods for the detection and

enumeration of harmful alga (see Table 1 for full list

of detection limits). The Lake Texoma samples were

scored as present or absent based on ten different

detection limits ranging from 22 cells mL-1 (the limit

of detection of qPCR for a sample volume of 250 mL)

to 10,000 cells mL-1 (the density at which blooms are

often first detected due to fish kills) (Hambright et al.

2015).

Fig. 1 Map of collection sites in, from south to north, the Red,

Canadian, Cimarron, and Arkansas River watersheds. Water-

shed boundaries are indicated by shading. Each collection site is

indicated by a number, and clusters of sites are indicated by

black circles labeled with an arrow and a range of numbers.

These numbers correspond to site numbers in Supplementary

Materials

Fig. 2 Diagram showing data processing and analysis
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We constructed a random forest model for each

detection limit using the cforest function (party

package in R; Strobl et al. 2008). Random forest

models are well suited to predicting Prymnesium

presence from environmental data because they

account for interactions among predictors and com-

plex relationships between predictors and dichoto-

mous response variables, as are commonly

encountered in aquatic ecology. Indeed, these models

have been used previously to predict harmful

cyanobacteria blooms (Harris and Graham 2017), as

well as lake trophic state (Hollister et al. 2016). We

chose cforest over randomForest because it is unbiased

in the selection among predictor variables of different

types (including continuous and categorical variables)

(Strobl et al. 2007). For predictor variables, we

included total nitrogen, total phosphorous, TN:TP

(molar ratio), salinity, and temperature, as we have

previously found these variables to be good predictors

of growth, presence, abundance, and toxicity of

Prymnesium parvum (Hambright et al. 2014, 2015).

We assessed variable importance in these random

forest models using the permutation-based mean

decrease in accuracy as calculated by the varimp

function in the party package (Strobl et al. 2008).

Regional-scale predictions

We then applied the local-scale random forest models

to our regional dataset (Red, Canadian, Cimarron, and

Arkansas River watersheds). Although qPCR was

used to quantify P. parvum for all samples, the

regional data were scored as present or absent based on

the same ten detection limits ranging from 22 cells

mL-1 to 10,000 cells mL-1. That is, for each sample,

presence or absence was determined based on whether

the cell count equaled or exceeded the detection limit

(present) or not (absent). We applied the ten locally-

derived models to the regional testing data with

equivalent detection limits (i.e., detection limit of

training and testing data was equal). For these ten pairs

of models and testing data, we quantified the accuracy

of prediction using the overall accuracy and Cohen’s

kappa (Hollister et al. 2016). As kappa can be biased

by prevalence (Allouche et al. 2006), we have also

reported the true skill statistic (TSS) as a measure of

model performance. TSS is another measure of

accuracy that is not affected by prevalence. TSS is

calculated by adding sensitivity to specificity and

subtracting 1. We also evaluated the relative fre-

quency of false positives and false negatives at each

detection limit, as these have direct implications for

management decisions. False positives, where Prym-

nesium is predicted to be present but is actually absent,

could lead to further water sampling or potentially

Table 1 Summary of model classification accuracy for random forest models trained using local data (Lake Texoma) and applied to

regional data (Red, Canadian, Cimarron, and Arkansas River watersheds)

Detection limit (cells mL-1) Accuracy Kappa True skill statistic

22 70.45 0.34 0.32

30 71.59 0.34 0.33

40 78.41 0.43 0.45

50 79.55 0.44 0.52

100 76.14 0.35 0.48

333 90.91 0.62 0.80

500 90.91 0.62 0.80

1000 88.64 0.49 0.75

5000 87.50 0.36 0.56

10,000 86.36 0.27 0.48

Listed detection limit was used for both training and testing data. Accuracy is the concurrence between observed presence/absence

and model-predicted presence/absence. Kappa is a measure of the agreement between predicted and observed values that ranges from

-1 to 1, with values greater than zero representing agreement greater than chance. The true skill statistic is another measure of the

agreement between predicted and observed values, that is not biased by incidence rate, as kappa can be (Allouche et al. 2006)
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costly treatment. False negatives are potentially more

dangerous from a management perspective. In this

case, where Prymnesium is predicted to be absent but

is actually present, managers may fail to take further

needed actions.

We also applied a previously derived model for

predicting presence and absence of P. parvum (Ham-

bright et al. 2015) to our regional dataset. This

classification tree, based on a combination of micro-

scopy and qPCR data, includes three predictors:

salinity, temperature, and total phosphorus. The model

predicts that Prymnesium will be present when salinity

is greater than or equal to 1.3 PSU, temperature is less

than 22 �C, and total phosphorus is less than 0.29 mg

L-1. To test the effectiveness of this model on a

regional dataset, we compared the predictions from

this model with observations based on the lowest limit

of detection (22 cells mL-1) because this is the same

detection limit of the data on which the model was

trained. We calculated the rates of misclassification,

false positives, and false negatives.

Results

Within the 88 sites we sampled in the Red, Canadian,

Cimarron, and Arkansas River watersheds, we

detected P. parvum at 33 sites at the lowest detection

limit (22 cells mL-1). Of the 62 sampled sites within

the Red River watershed,P. parvum was detected at 27

sites. These sites were primarily located in the

southwestern region of the watershed. However, we

also detected P. parvum at lower abundances in

several locations near the eastern edge of the sampling

area (Supplementary material, e.g., 84, 85, and 87). In

the Canadian and Arkansas River watersheds, we

detected P. parvum at 6 of 26 sites. These sites were

dispersed throughout the sampling area with no

apparent pattern.

The random forest models constructed using Lake

Texoma data were robust when applied to the predic-

tion of presence of P. parvum within the Red,

Canadian, Cimarron, and Arkansas River watersheds

(Table 1). Correct classification of P. parvum pres-

ence was closely tied to detection limit. As the

detection limit was increased from a minimum of 22

cells mL-1 to 10,000 cells mL-1 (i.e., ability to detect

P. parvum was reduced), prediction accuracy

increased (Table 1). At all detection limits, salinity

and temperature were the two most important predic-

tors of P. parvum abundance (Fig. 3). As the detection

limit of the training and testing data increased, the

importance of temperature decreased (Fig. 3). Correct

overall classification of P. parvum presence in the

regional dataset ranged from 70.5 to 90.9% (Table 1).

The relative contributions of false negatives and false

positives to the overall misclassification rate changed

as the limit of detection increased from 22 to 10,000

cells mL-1. The incidence of false negatives declined

with increasing detection limits (nonlinear least

squares regression, y = 0.52 * x-0.21, n = 10, residual

standard error = 0.045), but there was no clear trend in

false positives (Fig. 4). The number of false positives

was highest at a detection levels of 100 cells mL-1.

We found that both kappa and TSS, measures of the

agreement between predicted and observed values,

were highest at intermediate detection levels (333 and

500 cells mL-1) (Table 1).

When we applied the previously derived classifi-

cation tree for predicting presence (Hambright et al.

2015) to our regional dataset, we found an overall

misclassification rate of 35.2%. There were three

instances of false positives (3.4%) and 28 instances of

false negatives (31.8%). Our previous model correctly

predicted presence or absence of P. parvum in 57 of 88

samples (64.8%).

Discussion

Prymnesium parvum was first detected in Lake

Texoma in 2004 when it caused a near lake-wide fish

kill. The first measured density during the active kill

period was 144,000 cells mL-1 (Hambright et al.

2010). The alga bloomed in eight of the next 10 years

causing fish kills in isolated coves and backwaters

(Hambright et al 2010; Zamor et al. 2014). These

blooms occurred primarily in the Red River arm of the

reservoir and have been previously associated with

high levels of salinity, low temperatures, low N:P

ratios, and unimodally correlated with total nitrogen

and phosphorus (Hambright et al. 2010, 2014, 2015).

However, P. parvum has been detected at all reservoir

sampling sites via qPCR, suggesting that dispersal

does indeed occur throughout the reservoir (Zamor

et al. 2012; Hambright et al. 2015). The ubiquitous

presence of P. parvum throughout the lake, in

conjunction with the relationship between blooms
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and environmental parameters, suggests that environ-

mental factors, at least partially, determine where P.

parvum can bloom.

Because the models produced through the random

forest analysis were accurate in predicting P. parvum

presence at the regional scale, they should provide a

useful tool for resource managers and scientists in

focusing monitoring efforts and management plans.

Regardless of the detection limit, all random forest

models performed effectively, suggesting this

approach can be implemented across geographical

scales and with quantification methods with different

detection limits. Interestingly, when assessed using

kappa and TSS, the model for predicting P. parvum

presence performed best at the detection limit of a

microscope using a hemocytometer (333 cells mL-1;

Zamor et al. 2012). Thus, increasing sensitivity

(detection at low levels) may not be as important as

previously thought in predicting imminent ecological

impacts of ecologically disruptive algal blooms such

as Prymnesium. However, detection of P. parvum

presence at low levels is still an important tool for

management when used with routine monitoring. It

provides an early warning alert at sites where changes

in environmental conditions could favor P. parvum. In

addition to providing an early warning system,

molecular methods are superior to microscope meth-

ods in terms of accuracy and processing time (Zamor

et al. 2012).

Although producing accurate predictions of P.

parvum presence is desirable, misclassifications by

the models also offer useful information, both in terms

of general theory and for management. False negatives

(i.e., a prediction of P. parvum absence when it was
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Fig. 3 Variable importance for predictor variables included in

random forest models generated using training data with

simulated detection limits ranging from 22 to 10,000 cells

mL-1. Variable importance is based on the mean decrease in

accuracy. Plotted detection limit was used for both the training

(Lake Texoma) and testing data (Red, Canadian, Cimarron, and

Arkansas River watersheds)

123

Detection limits affect the predictability of the presence of an invasive harmful alga 2307



actually detected by qPCR) are potentially informative

in that they could suggest that dispersal has occurred,

but that the environment may not be conducive to

population growth. We suggest that these detections

may represent sink populations (i.e., populations in

which death rates exceed birth rates and immigration

outweighs emigration; Schreiber and Kelton 2005)

that have colonized through dispersal from source

populations where environmental conditions are suit-

able for population growth. It is also possible, given

the methodological limitations of environmental DNA

analysis (Lahoz-Monfort et al. 2016), that these false

negatives observed at low detection limits represent

metabolically inactive, dead, or encysted cells or free-

floating DNA in the environment, particularly for low

abundances. Indeed, for the random forest model built

and tested with a detection limit of 22 cells mL-1,

Prymnesium abundances in all false negatives at the

regional scale were below 200 cells mL-1. Anecdotal

evidence that dispersal is occurring for this microbial

invader on a regional scale is provided by the three

detections in the Canadian River watershed that were

downstream from a known source population (Lake

Meredith, Supplementary material, sites 4, 9, and 23

downstream from site 2). Given our dataset, this

hypothesis cannot be directly tested, and so future

research should identify the geographic scale at which

dispersal limitation plays a role in shaping the

distribution of P. parvum. Misclassification rates

may also be shaped by sampling frequency. The

samples from our regional dataset were collected

during a limited time period in which blooms are most

common (Jan–Apr), whereas our local dataset was

collected year-round.

Several traits common to many microbial species,

such as passive dispersal, persistence at low levels,

and resting cyst production, have led to the suggestion

that dispersal may not be a significant contributor to

the establishment and success of microbial invasive

species. We found P. parvum to be widely distributed

at a regional scale, which is consistent with the

predictions of ‘everything is everywhere’ and a lack of

dispersal limitation in microbes. However, we cannot

exclude the possibility that dispersal affects the

distribution pattern of P. parvum in other systems or

on a wider geographical scale. Recent studies have

indicated that dispersal intensity (i.e., propagule

pressure) can play a role in P. parvum invasion

success, but only when environmental factors are

favorable to population growth (Acosta et al. 2015) or

establishment (Errera et al. 2008). This suggests that

while dispersal may affect P. parvum distribution, the

local environmental conditions will ultimately deter-

mine establishment success, growth, and ecosystem-

wide effects of Prymnesium. The environmental

suitability need not include only abiotic variables, as

our modeling approach did. Indeed, there is growing

evidence that biotic factors, including the community

composition, presence of a particular suite of taxa or

individual species, may regulate invasions (Jones et al.

2017; Robinson and Dickerson 1984; McGrady-Steed

et al. 1997; He et al. 2014). A synthetic approach

coupling the suitability of the abiotic environment as

well as the community composition would likely help

predict species occurrences more accurately.

If environmental conditions allow a given microbe

an opportunity to bloom or to increase in population

size from a previously undetectable level, many

ecosystem functions can be impacted and ecosystem

stability could be potentially reduced (Tilman 1996;

Balser and Firestone 2005; Sunda et al. 2006; Bissett

et al. 2010). Prymnesium parvum has distinctive
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E
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e

10 100 1000 10000
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Fig. 4 Error rates for P. parvum presence calculated using

simulated detection limits ranging from 22 to 10,000 cells

mL-1. Plotted detection limit was used for both the training

(Lake Texoma) and testing data (Red, Canadian, Cimarron, and

Arkansas River watersheds). Black squares indicate total error,

open circles indicate false negative rate, and open triangles

indicate false positive rate. The solid line indicates the line of

best fit for total error from nonlinear least squares regression

(y = 0.52 * x-0.21, n = 10, residual standard error = 0.045)

123

2308 J. E. Beyer et al.



impacts on microbial community composition

(Michaloudi et al. 2008; Jones et al. 2013; Acosta

et al. 2015). These impacts are important given that the

vast diversity seen in microbial communities is

thought to provide functional redundancy and ecosys-

tem stability (Caron and Countway 2009). In addition

to the effects of blooms on microbes, P. parvum also

affects macrobial communities, including zooplank-

ton (Hambright et al 2010; Remmel and Hambright

2012) and fish (Zamor et al. 2014). Furthermore, the

probability that P. parvum will cause these ecosystem-

wide effects may be increasing due to anthropogenic

changes in environmental conditions, including salin-

ity and nutrient concentrations, which may allow for

P. parvum blooms to become more common (Ham-

bright et al. 2015; Roelke et al. 2016; Patiño et al.

2014).

As environmental conditions are being modified by

human activities, occurrence and blooms of exotic

microbes like P. parvum are becoming more common,

and methods of detection are becoming more sensi-

tive, we find ourselves in a changing world where

prediction of these occurrences and their impacts are

increasingly important, but also increasingly complex.

Using a locally developed model, we found that easily

monitored environmental parameters including salin-

ity, temperature, and nutrients can be used to predict

the presence of P. parvum. Furthermore, the pre-

dictability of the relationship between environmental

parameters and P. parvum presence is affected by the

detection limit of the monitoring technique. Predictive

accuracy is highest at levels where P. parvum is likely

an active member of the community, and not just

passively dispersed in low abundances into an inhos-

pitable environment. Our results provide increased

evidence that environmental selection is important in

determining microbial distributions and perceived

impacts of microbial invasions. While potentially

important, ‘everything is everywhere’ and the role of

dispersal in generating biogeographical patterns in

microbes is, essentially, untestable due to technolog-

ical limitations (Hambright et al. 2015). As such,

investigations of transport and spread, which are

commonly used in studies of macrobial organisms, are

still largely beyond our grasp. However, our results

further suggest the use of environmental monitoring,

in conjunction with studies of the ecological niche of a

potential invader, can allow us to investigate the

principle of establishment and predict when and where

the impacts of these microbes might be realized.

Supplementary material reference

Data, including site names and numbers correspond-

ing to Fig. 1, are included as supplementary materials.

R script for data analysis is also included as supple-

mentary materials.

Acknowledgements We wish to thank E. J. Remmel, K.

L. Glenn, J. D. Easton, A. C. Easton, B. Allison-Witt, T.

C. Hallidayschult, J. F. Hayworth, R. Cothran, C. Miller-

DeBoer, F. Acosta, and the University of Oklahoma Biological

Station (UOBS) administrative and facilities staff for support in

many aspects of this project. The manuscript also benefited from

comments and discussions with L. J. Weider, M. Kaspari, B.

J. Stephenson, J. Hawthorne, and members of the OU Ecology

and Evolutionary Biology journal club. Funding was provided

by a Grant from the Oklahoma Department of Wildlife

Conservation through the Sport Fish Restoration program

(Grant F-61-R) to K.D.H. and UOBS Graduate Research

Fellowships to R.M.Z. and J.E.B. Data presented in this article

were included in work submitted by R.M.Z. as partial fulfillment

of the requirements for a Ph.D. degree from the University of

Oklahoma.

Compliance with ethical standards

Conflict of interest The authors declare that they have no

conflict of interest.

References

Acosta F, Zamor RM, Najar FZ, Roe BA, Hambright KD (2015)

Dynamics of an experimental microbial invasion. Proc Natl

Acad Sci USA 112:11594–11599. https://doi.org/10.1073/

pnas.1505204112

Allouche O, Tsoar A, Kadmon R (2006) Assessing the accuracy

of species distribution models: prevalence, kappa and the

true skill statistic (TSS). J Appl Ecol 43:1223–1232.

https://doi.org/10.1111/j.1365-2664.2006.01214.x

Baas Becking LGM (1934) Geobiologie of inleiding tot de

milieukunde. W. P. Van Stockum & Zoon, The Hague

Balser TC, Firestone MK (2005) Linking microbial community

composition and soil processes in a California annual

grassland and mixed-conifer forest. Biogeochemistry

73:395–415. https://doi.org/10.1007/s10533-004-0372-y

Bissett A, Richardson AE, Baker G, Wakelin S, Thrall PH

(2010) Life history determines biogeographical patterns of

soil bacterial communities over multiple spatial scales.

Mol Ecol 19:4315–4327. https://doi.org/10.1111/j.1365-

294X.2010.04804.x

123

Detection limits affect the predictability of the presence of an invasive harmful alga 2309

https://doi.org/10.1073/pnas.1505204112
https://doi.org/10.1073/pnas.1505204112
https://doi.org/10.1111/j.1365-2664.2006.01214.x
https://doi.org/10.1007/s10533-004-0372-y
https://doi.org/10.1111/j.1365-294X.2010.04804.x
https://doi.org/10.1111/j.1365-294X.2010.04804.x


Caron DA, Countway PD (2009) Hypotheses on the role of the

protistan rare biosphere in a changing world. Aquat Microb

Ecol 57:227–238. https://doi.org/10.3354/ame01352

Carter N (1937) New or interesting algae from brackish water.

Arch Protistenkd 90:1–68

Choudoir MJ, Barberán A, Menninger HL, Dunn RR, Fierer N

(2018) Variation in range size and dispersal capabilities of

microbial taxa. Ecology 99:322–334. https://doi.org/10.

1002/ecy.2094

De Wit R, Bouvier T (2006) ‘Everything is everywhere, but, the

environment selects’; what did Baas Becking and Beijer-

inck really say? Environ Microbiol 8:755–758. https://doi.

org/10.1111/j.1462-2920.2006.01017.x

Elton CS (1958) The ecology of invasions by animals and plants.

University of Chicago Press, Chicago

Errera RM, Roelke DL, Kiesling RL, Brooks BW, Grover JP,

Schwierzke L, Urena-Boeck F, Baker JW, Pinckney JL

(2008) Effect of imbalanced nutrients and immigration on

Prymnesium parvum community dominance and toxicity:

results from in-lake microcosm experiments. Aquat

Microb Ecol 52:33–44. https://doi.org/10.3354/ame01199

Finlay BJ (2002) Global dispersal of free-living microbial

eukaryote species. Science 296:1061–1063. https://doi.org/

10.1126/science.1070710

Finlay BJ, Esteban GF, Olmo JL, Tyler PA (1999) Global dis-

tribution of free-living microbial species. Ecography

22:138–144. https://doi.org/10.1111/j.1600-0587.1999.

tb00461.x

Gibbons SM, Caporaso JG, Pirrung M, Field D, Knight R,

Gilbert JA (2013) Evidence for a persistent microbial seed

bank throughout the global ocean. Proc Natl Acad Sci USA

110:4651–4655. https://doi.org/10.1073/pnas.1217767110

Hambright KD, Zamor RM, Easton JD, Glen KL, Remmel EJ,

Easton AC (2010) Temporal and spatial variability of an

invasive toxigenic protist in a North American subtropical

reservoir. Harmful Algae 9:568–577. https://doi.org/10.

1016/j.hal.2010.04.006

Hambright KD, Easton JD, Zamor RM, Beyer JE, Easton AC,

Allison B (2014) Regulation of growth and toxicity of a

mixotrophic microbe: implications for understanding range

expansion in Prymnesium parvum. Freshw Sci

33:745–754. https://doi.org/10.1086/677198

Hambright KD, Beyer JE, Easton JD, Zamor RM, Easton AC,

Hallidayschult TC (2015) The niche of an invasive marine

microbe in a subtropical freshwater impoundment. ISME J

9:256–264. https://doi.org/10.1038/ismej.2014.103

Hanson CA, Fuhrman JA, Horner-Devine MC, Martiny JB

(2012) Beyond biogeographic patterns: processes shaping

the microbial landscape. Nat Rev Microbiol 10:497–506.

https://doi.org/10.1038/nrmicro2795

Harris TD, Graham JL (2017) Predicting cyanobacterial abun-

dance, microcystin, and geosmin in a eutrophic drinking-

water reservoir using a 14-year dataset. Lake Reserv

Manag 33:32–48. https://doi.org/10.1080/10402381.2016.

1263694

He X, McLean JS, Guo L, Lux R, Shi W (2014) The social

structure of microbial community involved in colonization

resistance. ISME J 8:564–574. https://doi.org/10.1038/

ismej.2013.172

Hollister JW, Milstead WB, Kreakie BJ (2016) Modeling lake

trophic state: a random forest approach. Ecosphere

7:e01321. https://doi.org/10.1002/ecs2.1321
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Sunda WG, Granéli E, Gobler CJ (2006) Positive feedback and

the development of ecosystem disruptive algal blooms.

J Phycol 42:963–974. https://doi.org/10.1111/j.1529-8817.

2006.00261.x

Tilman D (1996) Biodiversity: population versus ecosystem

stability. Ecology 77:350–363. https://doi.org/10.2307/

2265614

USDA (2015) Hungry pests. United States Department of

Agriculture. http://www.HungryPests.com/the-threat.

Accessed 26 Oct 2017

Zamor RM, Glenn KL, Hambright KD (2012) Incorporating

molecular tools into routine HAB monitoring programs:

using qPCR to track invasive Prymnesium. Harmful Algae

15:1–7. https://doi.org/10.1016/j.hal.2011.10.028

Zamor RM, Franssen NR, Porter C, Patton TM, Hambright KD

(2014) Rapid recovery of a fish assemblage following an

ecosystem disruptive algal bloom. Freshw Sci 33:390–401.

https://doi.org/10.1086/675508

Publisher’s Note Springer Nature remains neutral with

regard to jurisdictional claims in published maps and

institutional affiliations.

123

Detection limits affect the predictability of the presence of an invasive harmful alga 2311

https://doi.org/10.1128/MMBR.00051-12
https://doi.org/10.1016/j.hal.2013.12.006
https://doi.org/10.1007/BF00731550
https://doi.org/10.1111/j.1461-0248.2011.01718.x
https://doi.org/10.1111/j.1461-0248.2011.01718.x
https://doi.org/10.1007/BF00396755
https://doi.org/10.1007/s10750-015-2477-9
https://doi.org/10.1111/j.1365-2656.2005.00996.x
https://doi.org/10.1111/j.1365-2656.2005.00996.x
https://doi.org/10.1073/pnas.0605127103
https://doi.org/10.1073/pnas.0605127103
https://doi.org/10.1186/1471-2105-8-25
https://doi.org/10.1186/1471-2105-8-25
https://doi.org/10.1186/1471-2105-9-307
https://doi.org/10.1186/1471-2105-9-307
https://doi.org/10.1111/j.1529-8817.2006.00261.x
https://doi.org/10.1111/j.1529-8817.2006.00261.x
https://doi.org/10.2307/2265614
https://doi.org/10.2307/2265614
http://www.HungryPests.com/the-threat
https://doi.org/10.1016/j.hal.2011.10.028
https://doi.org/10.1086/675508

	Detection limits affect the predictability of the presence of an invasive harmful alga across geographic space
	Abstract
	Introduction
	Methods
	Study sites and site monitoring
	Local-scale classification models
	Regional-scale predictions

	Results
	Discussion
	Supplementary material reference
	Acknowledgements
	References




