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ABSTRACT: Regression models of mean and mean annual maximum (MAM) cover were derived for two catego-
ries of periphyton cover (filaments and mats) using 22 years of monthly monitoring data from 78 river sites
across New Zealand. Explanatory variables were derived from observations of water quality variables, hydrol-
ogy, shade, bed sediment grain size, temperature, and solar radiation. The root mean square errors of these
models were large (75-95% of the mean of the estimated values). The at-site frequency distributions of periphy-
ton cover were approximated by the exponential distribution, which has the mean cover as its single parameter.
Independent predictions of cover distributions at all sites were calculated using the mean predicted by the
regression model and the theoretical exponential distribution. The probability that cover exceeds specified
thresholds and estimates of MAM cover, based on the predicted distributions, had large uncertainties (~80-
100%) at the site scale. However, predictions aggregated by classes of an environmental classification accurately
predicted the proportion of sites for which cover exceeded nominated criteria in the classes. The models are use-
ful for assessing broad-scale patterns in periphyton cover and for estimating changes in cover with changes in
nutrients, hydrological regime, and light.
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INTRODUCTION

Healthy river ecosystems are characterized by the
presence of periphyton (primarily algae attached to the
surface of the riverbed), but at relatively low levels of
abundance (measured as areal cover, biomass, or bio-
volume) (Biggs, 2000). Periphyton in rivers provides
basal resources for food webs (Kiffney et al., 2001; Fin-
lay et al., 2002; Liess and Hillebrand, 2006). However,
high abundance of periphyton can have negative

effects on habitat quality, water chemistry, and biodi-
versity, and can reduce recreation and aesthetic values
(Biggs, 2000; Suren et al., 2003; Suplee et al., 2009).
Two key factors that are influenced by human activi-
ties affect periphyton abundance in rivers: flow
regimes (Biggs et al., 1998b) and nutrient concentra-
tions (Dodds et al., 1997; Biggs, 2000). In addition,
light exerts a strong influence on periphyton in rivers
and is affected by human activities such as deforesta-
tion and management of riparian vegetation (Davies-
Colley and Quinn, 1998; Boothroyd et al., 2004).
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Establishing quantitative relationships between
periphyton abundance and these factors has proven to
be difficult, but remains an urgent priority due to the
need to manage the ecological impacts of water with-
drawal, change in flow regimes, and eutrophication of
rivers worldwide (Dodds and Welch, 2000; Lewis et al.,
2010). This need is particularly strong in New Zealand,
where there is intensification of land use as well as
increasing demand for water for industry, power
generation, and agriculture (Ministry for the Environ-
ment, 2007).

Guidelines for the management of periphyton in
New Zealand (Ministry for the Environment, 2000)
recommend that maximum periphyton abundance
should not exceed between 50 and 200 mg chlorophyll
a m�2 depending on the specific instream values to
be protected, including benthic biodiversity, contact
recreation, aesthetics, and angling. These guidelines
are within the range that periphyton biomass is con-
sidered to constitute a nuisance (Suplee et al., 2009).
The New Zealand guidelines also recommend a maxi-
mum cover of the beds of rivers by filamentous algae
of 30% and mats of 60% (Ministry for the Environ-
ment, 2000). Studies have linked these cover thresh-
olds to biomass in the range 100-150 mg chlorophyll
a m�2 (Welch et al., 1988).

Several studies have linked nutrient concentrations
to mean biomass, mean summer biomass, or biomass
during periods of low flow (e.g., Welch et al., 1988;
Heatherly et al., 2008). Biggs (2000) linked mean
annual maximum (MAM) biomass in 30 sites in 25 hill-
country, gravel-bed rivers in New Zealand, to mean
monthly concentrations of dissolved inorganic nitrogen
(DIN) and dissolved reactive phosphorus (DRP) and a
single hydrological index (the mean days of accrual).
Mean days of accrual was defined as the mean time
between flows exceeding three times the median
(FRE3), which was found in an earlier study to be the
hydrological index most closely related to periphyton
biomass (Clausen and Biggs, 1997). Although this
model is widely applied (e.g., Ministry for the Environ-
ment, 2000), it was fitted to only a subset of the river
environments of New Zealand, albeit those with high
susceptibility to periphyton proliferations. Water man-
agers are concerned with not only maximum periphy-
ton abundance but also the percentage of the time that
any given threshold, such as a guideline, is exceeded.
Thus, more generally applicable models that predict
the frequency distribution of periphyton abundance
would provide useful tools for water management.

Periphyton abundance is often low in rivers that
have frequent large floods, but may be high after long
periods without floods and with favorable growing
conditions (Suren et al., 2003; Suren and Jowett,
2006). This suggests that the theoretical exponential
distribution may be an adequate approximation for

the distribution of periphyton abundance at sites.
Zero is the most frequently occurring value of the
exponential distribution and the frequency of larger
values descend asymptotically to zero. If periphyton
abundance is exponentially distributed, the probabil-
ity that cover is equal to or greater than zero is one
(or 100% of the time) and decreases asymptotically to
zero for large values of cover. The exponential distri-
bution has the mean as its single parameter and
would, therefore, provide a method for estimating the
probability that cover exceeds a given threshold or,
conversely, the cover that is equaled or exceeded
given any probability.

The objective of this study was to develop models
that could be used to estimate periphyton abundance
in rivers and changes in abundance associated with
changes in conditions caused by human activities. We
aimed to develop models that could predict the fre-
quency distribution of periphyton cover for this
domain as a function of relevant and easily obtained
explanatory variables, and also to estimate the uncer-
tainty of these models for predictions made at indi-
vidual sites and across regions.

METHODS AND MATERIALS

Study Sites

The National Rivers Water Quality Network
(NRWQN) comprises 77 sites located on 48 of New
Zealand’s rivers (Figure 1) and was specifically
designed to broadly represent variation in main-stem
rivers across New Zealand (Smith and Maasdam,
1994; Davies-Colley et al., 2011). Since 1989, a range
of water quality variables and a visual assessment of
the cover of filamentous and mat-forming algae has
been carried out monthly at NRWQN sites and flows
are monitored continuously (Smith and McBride,
1990; Davies-Colley et al., 2011). More intensive bio-
monitoring is carried out annually at all sites and
includes an assessment of substrate size class compo-
sition. This includes a visual assessment of substrate
size class composition reported as the percentage of
bed covered by the following size classes: silt and
sand (<2 mm), small gravel (2-32 mm), large gravel
(32-64 mm), small cobbles (64-128 mm), large cobbles
(128-256 mm), and boulders (256-330 mm).

In this study we analyzed data for the time period
1989-2010 (22 years), but excluded several NRWQN
sites for various reasons. The sites AK1, AK2, and
GS1 (see Figure 1 for site codes) were excluded
because they are located on deep rivers with silty
beds that lack periphyton. RO2 and RO6 were
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excluded due to a large number of missing periphyton
observations. Sites WH3 and WH4 were excluded
because they are dominated by macrophytes. Three
sites on large rivers including the Waikato (HM2,
HM4, and HM5) and the Clutha (DN4) rivers were
excluded due to logistical difficulties in sampling
periphyton and artificially fluctuating water levels.

We split the records for some sites into two por-
tions to account for significant changes that had
occurred at the site through the period of operation of
the NRWQN. The two portions of the record were
treated as separate sites in the analyses that follow.
Five sites (HM1, RO4, WA6, WN3, and DN2) were
split due to changes in site locations that were
required for operational reasons. Five sites (including
RO3, HV5, WN2, TK2, and DN1) were split due to
very obvious changes in mean water quality. Thirteen
sites in the South Island (NN3, NN5, GY1, CH1,
TK3, TK4, TK6, AX1, AX2, AX3, AX4, DN4, and
DN9) were split because they were colonized by the
invasive alga Didymosphenia geminata (Kilroy et al.,
2009). The abundance of D. geminata responds to
very different factors to the other bloom forming taxa
in New Zealand rivers (Kilroy et al., 2009). For this
reason, we retained the portion of the record prior to
the establishment of D. geminata but did not include
the second portion. Site TK1 was split due to the pre-
commissioning failure of the Opuha Dam and the
subsequent establishment of D. geminata. After
excluding some sites and splitting others, we had a
total of 78 sites comprising either the entire record of

the NRWQN site (designated “All”) or parts of the
record were designated as “Part 1” or “Part 2”
depending on the period covered.

Periphyton Data

Periphyton abundance was measured each month
at the NRWQN sites by visual assessment. The cover
of two categories; filaments (>2 cm long) and mats
(>2 mm thick) were measured as continuous vari-
ables. In the field, mats were distinguished from thin
films when the texture of the underlying substrate
could not been seen and the layer could be scraped or
peeled. These two periphyton categories are consid-
ered to be at problematic levels if they exceed 30 and
60% of the visible stream bed (generally <0.75 m
deep), respectively (Ministry for the Environment,
2000). Where possible, ten replicate observations of
0.5-m radius patches of riverbed were made at
equally spaced points across a wadeable cross section
of the river using an underwater viewer. However,
because the NRWQN rivers are medium to large,
some observations were confined to the wadeable
margin from one bank or, at 10% of sites, to observa-
tions from bridges or cableways (see Quinn and Raa-
phorst (2009) for details).

For each site and sample date, we calculated the
mean of the ten replicate observations to produce a
time series of monthly proportion of the bed covered
by filaments and mats. For each site, we then calcu-
lated the mean of these monthly cover estimates over
the entire time series for both the filament and mat
cover categories. In addition, we calculated the maxi-
mum cover in both categories in each year. We calcu-
lated the MAM cover from these data for each site.

Approach to Modeling Distribution of Periphyton
Cover

Our approaches to modeling periphyton cover at
the sites are summarized in Figure 2. We primarily
aimed to predict the frequency distribution of periph-
yton cover using the exponential distribution as the
underlying theoretical distribution. The cumulative
frequency distribution (CFD) gives the probability (or
the expected proportion of the time) that cover is
equal to, or greater than, a given value. The theoreti-
cal CFD is as follows:

Pr ¼ e�C=l ð1Þ

where Pr (0 ≤ Pr < 1) is the probability of cover C
being equaled or exceeded given the mean value
(l > 0). The quantile function (inverse CFD) gives the

FIGURE. 1. Location of the Study Sites Coded by Topography
Category. Note that records for some sites were split and the two
portions of record were treated as separate sites in the analysis.

JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION JAWRA113

PREDICTING PERIPHYTON COVER FREQUENCY DISTRIBUTIONS ACROSS NEW ZEALAND’S RIVERS



cover that is expected to be equaled or exceeded with
a given probability (or proportion of the time). The
quantile function for the exponential distribution is
as follows:

C ¼ �lnðPrÞ � l ð2Þ

where Pr (0 ≤ Pr < 1) is the probability that cover C
is exceeded given the mean (l > 0). The quantile
function (Equation 2) can be used to estimate the
expected value of the MAM cover based on monthly
observations by setting probability to 0.083.

We modeled the frequency distribution of periphy-
ton cover (filaments and mats) at each site using two
estimates of the mean to parameterize the CFD; the
observed site mean (lobs) and an estimate of the
mean derived from a regression model (the estimated
mean; lest) (Figure 2). We refer to the CFD based on
the lobs as the “generated” distribution and the CFD
based on lest as the “estimated” distribution (Fig-
ure 2).

Multiple Linear Regression Models of Periphyton
Cover

We used multiple linear regression modeling to
define empirical relationships between mean and
MAM periphyton cover at sites and environmental
factors that control periphyton abundance in rivers.
We fitted regression models that were additive linear
combinations of the explanatory variables to the site
mean and MAM cover for both periphyton categories.
Prior to fitting the models, we square root trans-
formed the mean and MAM cover for both periphyton

categories to make their distributions approximately
normal.

We used standard forwards and backwards step-
wise linear regression to identify the minimal ade-
quate model from among our explanatory variables
for each response (Venables and Ripley, 2002). The
Akaike information criterion (AIC) (Akaike, 1973) was
used to apply a penalized log likelihood method to
evaluate the tradeoff between degrees of freedom and
fit of the model as the explanatory variables were
added or removed (Crawley, 2002). We evaluated
model fit using the coefficient of determination (r2).
We also evaluated whether the relationships repre-
sented by the empirical models were consistent with
a conceptual model of the environmental factors con-
trolling periphyton abundance (Table 1) by inspection
of the model coefficients.

We made all predictions of mean and MAM cover,
based on the regression models, independent of the
observed cover by using leave-one-out cross validation
(Hastie et al., 2001). This involved selecting each site
in turn, withdrawing it from the fitting dataset, fit-
ting the model to the retained sites, and using this
model to estimate mean and MAM cover for the with-
held site.

Explanatory Variables for Periphyton Cover

A relevant set of explanatory variables for the
regression models was selected based on a conceptual
model (Table 1) that represented periphyton abun-
dance as a consequence of counteracting processes of
biomass accrual and loss (Biggs, 1996). We assumed
that differences in accrual rates between our sites

FIGURE 2. Diagram Summarizing the Approach Taken to Modeling the Frequency Distribution of Periphyton Cover. The observed time
series for each site was used to calculate the observed mean cover (lobs), cumulative frequency distribution (CFD), the probability that cover
exceeded various thresholds (Pr(C > x)), and mean annual maximum (MAM). The “generated” CFD was calculated using the theoretical
distribution (Equation 1) parameterized by lobs. The “estimated” CFD was calculated using the theoretical distribution (Equation 1) parame-
terized by the mean estimated using the regression models (lest). The probability the cover exceeded various thresholds and the MAM cover
was then predicted using the generated and estimated CFDs. The MAM was also estimated directly using a regression model. Predictions
made by the regression models were made independently for each site using leave-one-out cross validation.
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were determined by the rate of growth and that this
is controlled primarily by nutrient supply, light, and
temperature. We assumed that biomass loss is deter-
mined primarily by hydrological disturbance (i.e.,
high flows, and changes of flows) (Biggs, 1996). High
flows remove periphyton when shear stress is suffi-
cient to tear periphyton from the bed (Biggs, 1996;
Biggs et al., 1998a, b). Biomass loss is increased if
changes in flows are also associated with abrasion
due to sediment movement and may be enhanced
when rates of increase in flows are high (Horner
et al., 1990; Uehlinger, 1991). We expected biomass
loss processes due to hydrological disturbance to be
mediated by channel morphology with loss rates
being lower where stream substrates are stable and
consist of larger substrata (i.e., gravels, cobbles, and
boulders) (Uehlinger, 1991; Doyle and Stanley, 2006).
We also anticipated that biomass accrual would be
related to hydrological conditions, particularly the
magnitude of base or low flows. Sites with small low
flows are likely to have periods of low water velocity
that favors the development of some filamentous taxa
(Suren et al., 2003; Flinders and Hart, 2009).

Differences in loss rates between sites may also
arise due to differences in invertebrate grazer abun-
dance and grazing rates (Dodds and Welch, 2000;
Rutherford et al., 2000). Our environmental data did
not include invertebrate grazers explicitly. However,
we assumed that some differences in grazer density
between sites may be accounted for by the combina-
tion of substrate size and hydrological indices (Quinn
and Hickey, 1990).

We derived a set of candidate explanatory vari-
ables for the sites using data available from the
NRWQN and other sources (Table 2). For each site,
we evaluated the median concentration of total phos-
phorus (TP) (mg/m3), DRP (mg/m3), total nitrogen
(TN) (mg/m3), and DIN (mg/m3). We calculated the
ratio of TN to TP and the ratio of DIN to DRP to

define the explanatory variables TN:TP and DIN:
DRP. We log (base 10) transformed all the nutrient
variables to make their distributions approximately
normal and their relationship with site mean periph-
yton cover more linear.

Following similar methods to Olden and Poff
(2003), we computed several hydrological indices from
the mean daily flow time series for each site to charac-
terize the flow regime components represented by the
conceptual model (Table 2). The frequency of large
floods was represented by the number of events per
year that exceeded a multiple (n) times the long-term
median flow (FREn) where n = 2, 3, and 4. If the time
interval between an event dropping below the thresh-
old and the next event rising above the threshold was
less than five days, only a single event was counted.
We used the mean of the yearly values (FREn) after
having discarded years with more than 30 days of
missing data to represent the frequency of large
floods. The frequency of changes of flows was repre-
sented by hydrological reversals (Reversals). Rever-
sals are occasions on which the direction of daily
change in flows reverses (i.e., the number of occasions
on which increasing flows (rising hydrograph limbs)
changed to falling limbs) and vice versa (Olden and
Poff, 2003). Sites with frequent reversals have many
hydrograph peaks. Rates of increase in flow were rep-
resented by the number of days on which flow was less
than that of the previous day (nNeg). We estimated
nNeg for each site by first counting the number of
days in each year for which the flow reduced on the
subsequent day. nNeg for each site was the mean of
these values over years. Sites with steep rising limbs
have large values of nNeg. We used the mean annual
seven-day low flow divided by the mean flow to repre-
sent the low flow magnitude (LowFlow). We derived
this explanatory variable for each site by first estimat-
ing the minimum of a seven-day moving average flow
in each year of record. LowFlow was the mean of these

TABLE 1. Summary of the Conceptual Model of the Environmental Factors that Control Mean Periphyton Cover.

Environmental Factor

Expected Response of
Mean Cover to Increase

in the Factor Explanation of Expected Response

Light at the stream bed ↑ Increases growth rate
Water temperature ↑ Increases growth rate
Nutrients ↑ Increases growth rate
Ratio of N to P ↑ or � High values reduce growth rate at sites with high N; low values

reduce growth rate at sites with high P
Frequency of large floods ↓ Increases loss rate
Low flow magnitude ↓ Small low flow magnitude may be associated with higher rates of

accrual due to low water velocity
Rates of change in flow ↓ High rates of change in flow may be associated with high loss rates
Reversals ↓ Frequent reversals may be associated with high loss rates
Bed sediment grain size ↑ Larger grains provide favorable habitat, are more stable, and decrease loss rate
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annual values divided by the mean daily flow for the
entire record.

The observed proportion of bed covered by the sub-
strate size classes in each year were transformed into
a single substrate index, as described by Jowett and
Richardson (1990). We used the mean of the annual
values as our explanatory variable (Substrate). We
calculated the 95th percentile of the monthly spot
measurements of water temperature at each site and
used this value to represent summer maximum water
temperature (T95).

We used a method similar to that of Julian et al.
(2008) to estimate photosynthetically active radiation
(PAR) reaching the riverbed. The method comprised
four steps. First, we estimated the mean daily solar
radiation (R, MJ/m2) at the water surface in the
absence of shade based on solar radiation recorded
at nearby climate stations. Second, we estimated the
attenuation of the light beam through the water col-
umn using the method of Davies-Colley and Nagels
(2008). This method is based on estimating the dif-
fuse light attenuation coefficient (Kd). Davies-Colley
and Nagels (2008) developed an empirical model for
Kd based on water column clarity and absorbance.
Clarity was measured by black disk clarity (cBD) and
light absorption coefficient of membrane filtrates at
340 nm (g340), which is an index of colored dissolved
organic matter. Both cBD and g340 are measured
each month at the NRWQN sites. We used the
annual mean of the observed values to estimate
the mean annual values of Kd using the following
formula:

logðKdÞ ¼ 0:228� logðg340Þ � 0:466

� logðcBDÞ � 0:0803
ð3Þ

At the third step, we estimated the mean annual
value for light at the stream bed in the absence of
shade (L, MJ/m2) using the following formula:

L ¼ R� e�kd�d ð4Þ

where the water depth (d, m) was the mean depth at
which observations were generally made at each site.
Finally, we used estimates of the percentage of the
bed surface in shade at each site (S, %) provided by
Quinn and Raaphorst (2009) to estimate the PAR
reaching the riverbed using Equation (4);

PAR ¼ 53:2� L� 0:01� ð100� SÞ ð5Þ

where the constant 53.2 is a factor to convert the
daily average light energy (MJ/m2) to daily average
photosynthetically available radiation (PAR, lmol/m2/s)
(Brock, 1981).

Evaluation of At-Site Model Performance

The performance of the generated distribution
(i.e., where the CFD was parameterized using lobs)
indicates how well the observed periphyton cover
distribution was approximated by the theoretical

TABLE 2. Environmental Characteristics of the 78 Study Sites Including the Mean, Minimum, and Maximum Values.

Variable Description Mean Minimum Maximum

Area Catchment area (km2) 2,265.41 11 16,548
Mean flow Mean annual daily flow (m3/s) 75.49 0.84 548.22
DRP* Dissolved reactive phosphorus (mg/m3) 6.98 0.4 44.7
DIN* Dissolved inorganic nitrogen (mg/m3) 218.37 2 1,902
TP* Total nitrogen (mg/m3) 18.54 3 93
TN* Total phosphorus (mg/m3) 334.35 41 2,184
TN:TP* Ratio of total nitrogen to total phosphorus 21.67 1.63 104.78
DIN:DRP* Ratio of DIN to DRP 38.55 1 194.87
Clarity Black disk clarity (cBD, m) 2.26 0.56 9.07
Absorbance Light absorption coefficient at 340 nm (g340; m�1) 5.02 0.65 14.03
Solar radiation Mean daily solar radiation (R, MJ/m2) 13.69 11.37 14.87
Shade Site shade (%) 11.79 0 60
Substrate* Substrate index 5.38 4.35 6.43
T95* Ninety-fifth percentile of water temperature (°C) 18.12 11.72 23.62
PAR* Photosynthetically active radiation at riverbed (lmol/m2/s) 432.02 158.51 766.2
FRE2* Frequency of floods of two times the median flow (per year) 7.86 0 15
FRE3* Frequency of floods of three times the median flow (per year) 6.74 0 15.27
FRE4* Frequency of floods of four times the median flow (per year) 6.49 1 15.96
LowFlow* Mean annual seven day low flow divided by mean flow 0.27 0.09 0.74
nNeg* Mean days that flow was less than previous day (days/yr) 243.11 178.65 276.07
Reversals* Number of hydrological reversals (per year) 115.26 79.5 207

Note: The asterisk indicates variables that were used as candidate explanatory variables in the empirical models of mean and MAM cover.
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empirical distribution. We evaluated the performance
of the generated distributions by comparing the
observed probability that cover exceeded six cover
thresholds: 10, 20, 30, 40, 50, and 60%, with predic-
tions of the same probabilities made from the gener-
ated CFD. In addition, we compared the observed
MAM cover with that predicted from the generated
CFD.

The performance of the estimated distribution
(i.e., where the CFD was parameterized using lest)
indicates how well our models predict periphyton
cover at a new site or the response of cover to
changes in the explanatory variables. We evaluated
the performance of the estimated distribution by
comparing the observed probability that cover
exceeded the six cover thresholds and the observed
MAM cover with that predicted from the estimated
CFD. The performance of the regression models of
MAM cover indicates how well these models predict
MAM cover at a new site or the response of MAM
cover to changes in the explanatory variables. We
evaluated the performance of the regression models
of MAM cover by comparing the observed and pre-
dicted estimates.

We quantified the overall performance of all mod-
els (i.e., predicted mean and MAM cover, predicted
probability the cover thresholds were exceeded, and
predicted MAM) using the Nash-Sutcliffe efficiency
(NSE) statistic (Moriasi et al., 2007). NSE expresses
the magnitude of the prediction error relative to the
variance of the observations and is therefore a nor-
malized statistic that could be used to compare the
performance of our various models. The statistic was
computed from paired observed and predicted data
for all sites as follows:

NSE ¼ 1�
Pn

i¼1ðYi � bY Þ2Pn
i¼1ðYi � �YÞ2 ð6Þ

where Yi was the observation for the ith site, bY was
the prediction for the ith site, and �Y was the overall
mean of the observations. NSE ranges between �∞
and 1.0, with values of 1 representing perfect agree-
ment between predictions and observations. Values of
NSE larger than 0 indicate acceptable levels of per-
formance and larger than 0.5 is regarded as satisfac-
tory for hydrological simulation models (Moriasi
et al., 2007). Negative NSE values indicate unaccept-
able performance and that the mean of the observed
values provides a better prediction (Moriasi et al.,
2007). We note that outside the hydrological literature,
NSE has been referred to as r2 (e.g., Pi~neiro et al.,
2008). We used NSE to avoid confusion with the coeffi-
cient of determination that we report for our regres-
sion models.

We quantified model uncertainties by the root mean
squared deviation (RMSD) (Pi~neiro et al., 2008) as

RMSD ¼
ffiffiffiffiffiffiffiffiffiffiffiffi
1

n� 1

r Xn
i¼1

ð bYl � YiÞ2 ð7Þ

As the back-transformed errors (i.e., bYl � Yi) were
not normally distributed, we also characterized the
uncertainty by the median absolute deviation (MAD).
Model bias was described by the mean of the pre-
dicted minus observed values (Kobayashi and Salam,
2000; Pi~neiro et al., 2008). We also tested if the slope
and intercept of regressions of the observed vs. pre-
dicted values differed significantly from 1 and 0,
respectively (a = 5%).

Evaluation of Model Performance at Regional Scales

To evaluate the performance of our models for
broad-scale (rather than site) predictions, we aggre-
gated predictions for the individual study sites into
environmental classes. We considered that the river
environment classification (REC) (Snelder and Biggs,
2002) would provide a rigorous test of the regional-
scale predictions because it has been shown to dis-
criminate variation in the factors that our conceptual
model (Table 2) suggests control periphyton including
hydrology (Snelder et al., 2005), water quality (Larned
et al., 2004), and geomorphology (Booker, 2010). The
second level of the REC discriminates classes of rivers
based on differences in catchment climate and topo-
graphy (Snelder and Biggs, 2002). However, because
there are many classes at the second level of the REC,
compared to the total number of sites, we defined a
similar but simpler classification comprising the com-
bination of the geographic categories defined by the
North and South Islands and two topography catego-
ries defined by catchment slope. We used the REC
database to determine the mean catchment slope of
our study sites and divided the sites into “Lowland”
and “Hill” catchment slope categories using the med-
ian value of the site catchment slopes (i.e., 15°) to
define the category threshold. This resulted in four
environmental classes comprising the combination of
the two sets of categories: Northern Lowland, North-
ern Hill, Southern Lowland, Southern Hill (Figure 1).

We evaluated the performance of both methods for
estimating the MAM cover for making regional pre-
dictions: using the regression model of MAM cover,
and prediction of MAM cover from the estimated dis-
tribution (i.e., where the CFD was parameterized
using lest). For both sets of predictions, we evaluated
the observed proportion of sites in each class for
which the MAM cover by filaments and mats
exceeded each of the nominated cover thresholds and
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compared this to the equivalent predictions. We eval-
uated the aggregate performance by plotting the
observed vs. predicted proportions within each class
and quantified this using the NSE statistic.

RESULTS

Observations of Periphyton Cover

The observed site mean cover by filaments and mats
was variable across sites with mean cover by filaments
tending to be higher than mats (Table 3). The observed
site MAM cover by filaments and mats were also vari-
able and filaments tended to have larger values than
mats. The Pearson correlation for site mean and MAM
cover were high within each of the periphyton cover
categories (Table 4), but correlations between the
periphyton cover categories were lower (Table 4).

The mean of the observed probability of exceeding
the cover thresholds by filaments and mats was vari-
able and there were only small differences between
the periphyton categories in the probability of exceed-
ing any given cover threshold. The mean probability
of exceeding the cover thresholds decreased as the
cover threshold increased and for 60% cover was very
low for both periphyton categories (Table 3).

Generated Frequency Distributions of Periphyton
Cover

The observed CFDs were approximated by the gen-
erated CFDs (i.e., where the CFD was parameterized
using lobs) for both cover categories at most sites
(Figure 3). However, the observed CFDs tended to
decrease more rapidly at low cover values than the
generated CFDs and the tails of the observed CFDs
were thicker than the generated CFDs (Figure 3).

The NSE statistic for the predicted probabilities
that cover exceeded the thresholds derived from the
generated CFDs were high (between 0.44 and 0.80;
Table 5). The RMSD and MAD for these predictions
were correspondingly low (Table 5), but relative
RMSD (i.e., compared with the mean of the values
being estimated, Table 3) was between 50 and 113%
for filaments and 49 and 130% for mats. The MAD
for the predicted probability that cover exceeded all
thresholds was smaller than the equivalent RMSD
values (with relative MAD ranging from 10 to 53%)
indicating the errors were not normally distributed
(Table 5).

The predicted probability that cover exceeded all
thresholds derived from the generated CFDs was
biased (intercept significantly different from 0;
Table 5). The bias was negative (i.e., the values were
overestimated) for the 10% cover threshold and were
positive for the subsequent thresholds (i.e., the values
were underestimated). This is consistent with the
observation that the observed CFDs tend to decrease
more rapidly at low cover values than the generated
CFD and the tails of the observed distributions are
thicker than the generated CFD (Figure 3).

The NSE values for the MAM cover predicted from
the generated CFDs were high (Table 6; Figure 4).
The RMSD and MAD for the MAM filament cover
predictions were correspondingly low and represented
relative errors of 44 and 23%, respectively (Table 3).
The RMSD and MAD for the MAM mats cover pre-
dictions made from the generated CFDs were also
low and represented relative errors of 45 and 30%,
respectively (Table 3). However, the MAM values
predicted from the generated CFD were positively
biased (i.e., the values were underestimated) (Table 6;
Figure 4).

TABLE 3. Periphyton Cover Characteristics of the 78 Study Sites
Including the Mean, Minimum, and Maximum of: the Mean Site
Cover, Mean Annual Maximum (MAM) Cover, and the Probability
that Cover in Both Categories (filaments and mats) Exceeded
Thresholds of 10, 20, 30, 40, 50, and 60%.

Characteristic Mean Minimum Maximum

Mean filamentous cover (%) 6 0 26
Mean mats cover (%) 5 0 24
MAM filamentous cover (%) 21 0 67
MAM mats cover (%) 18 0 59
Probability (filaments > 10%) 0.14 0 0.6
Probability (filaments > 20%) 0.09 0 0.4
Probability (filaments > 30%) 0.06 0 0.4
Probability (filaments > 40%) 0.04 0 0.3
Probability (filaments > 50%) 0.03 0 0.3
Probability (filaments > 60%) 0.02 0 0.2
Probability (mats > 10%) 0.13 0 0.5
Probability (mats > 20%) 0.08 0 0.3
Probability (mats > 30%) 0.05 0 0.3
Probability (mats > 40%) 0.03 0 0.3
Probability (mats > 50%) 0.02 0 0.2
Probability (mats > 60%) 0.01 0 0.2

TABLE 4. Pearson Correlation Coefficients between
Mean and Mean Annual Maximum (MAM) Cover
by Filaments and Mats at the 78 Study Sites.

Mean
Filaments

Mean
Mats

MAM
Filaments

Mean mats 0.57
MAM filaments 0.94 0.46
MAM mats 0.51 0.94 0.44

Note: All correlations were significant (p < 0.001).
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Regression Models

Most pairs of the candidate explanatory variables
had low correlation (Table 7). However, many of
the nutrient variables were moderately correlated
(0.5 < r < 0.7) and TN was highly correlated with
DRP and TP. With the exception of FRE2, 3, and 4,
which were highly correlated, the hydrological indices
were only moderately correlated indicating that they
comprised unique information about the hydrological
regimes at the sites.

The mean filament cover model explained 42% of
the between-sites variation (Table 8). The fitted coeffi-
cients were consistent with the conceptual model of
factors controlling periphyton cover (Tables 1 and 8).
The mean mats cover model explained 32% of the
between-sites variation (Table 8). The fitted coeffi-
cients were consistent with the conceptual model of

factors controlling periphyton cover except for Rever-
sals, which were positively related to cover (Tables 1
and 8). For the mean cover models, the slopes and
intercepts of the regressions of the back-transformed
observed vs. predicted values were not significantly dif-
ferent to 1 and 0, respectively, indicating the models
were consistent and unbiased (Table 9; Figure 4).
RMSD calculated from the back-transformed observed
and predicted mean filaments and mats cover repre-
sented relative errors of 95 and 91%, respectively
(Tables 9 and 3). The MAD values for the mean fila-
mentous and mats cover models were smaller than the
equivalent RMSD values indicating that the back-
transformed errors were not normally distributed
(Table 9).

The MAM filament cover model explained 45% of
the variation between sites and included the same
explanatory variables, with the same signs, as the

FIGURE 3. Examples of Observed, Generated, and Estimated Cumulative Frequency Distributions (CFDs) for Cover by Filaments
(top two rows) and Mats (lower two rows) for Eight Randomly Selected Sites. The generated CFDs were calculated using the

theoretical distribution parameterized with the observed mean (lobs). The estimated CFDs were calculated using
the theoretical distribution parameterized with the mean estimated by regression model (lest).
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mean filaments cover model (Table 8). The MAM
mats cover model explained 22% of the between-sites
variation and incorporated five of the seven explana-
tory variables, with the same signs, as the mean
mats model (Table 8). The slopes and intercepts of
the regression of the back transformed observed vs.
predicted values for the MAM filament cover model

were not significantly different from 1 and 0, respec-
tively (Table 9; Figure 5). However, the MAM mat
cover model was significantly positively biased (i.e.,
the values were underestimated; Table 9; Figure 5).
RMSD calculated from the back transformed observed
and predicted values for the MAM filament and mat
cover (Table 9) represented relative errors of 75 and
80% (Tables 9 and 3). The MAD values for the MAM
filaments and mats cover were smaller than the
equivalent RMSD values indicating that the back
transformed errors were not normally distributed
(Table 9).

Independent Predictions at Sites from CFD

The NSE statistics for the predicted probability
that cover exceeded the nominated thresholds pre-
dicted from the estimated CFD were consistently neg-
ative (Table 5). Estimates of MAM cover derived from
the estimated CFD were very low for filaments and
were negative for mats (Table 6).

Predictions at Regional Scales

When predictions were aggregated by environmen-
tal class, the proportion of sites for which MAM cover

TABLE 5. Performance of the Generated and Estimated Cumulative Frequency Distributions for Predicting the Probability
that Cover Exceeds Thresholds of 10, 20, 30, 40, 50, and 60%. Overall performance is characterized by the Nash-Sutcliffe

efficiency statistic (NSE). Model uncertainty and bias are reported as probabilities Pr (0 ≤ Pr < 1). Uncertainties are
characterized by the root mean squared deviation (RMSD) and median absolute deviation (MAD).

Model Threshold (%) NSE RMSD MAD Bias p(Slope) p(Intercept)

Filaments generated 10 0.5 0.101 0.027 �0.032 <0.001 <0.001
Mats generated 0.47 0.095 0.03 �0.012 <0.001 <0.001
Filaments estimated �0.07 0.149 0.06 �0.009 <0.001 <0.001
Mats estimated �0.15 0.14 0.078 0.031 <0.001 <0.001
Filaments generated 20 0.82 0.045 0.022 0.015 <0.001 <0.001
Mats generated 0.8 0.038 0.023 0.025 0.01 <0.001
Filaments estimated �0.06 0.11 0.031 0.044 0.07 <0.001
Mats estimated �0.24 0.094 0.039 0.052 0.33 <0.001
Filaments generated 30 0.8 0.036 0.019 �0.023 0.11 <0.001
Mats generated 0.72 0.033 0.021 0.023 <0.001 <0.001
Filaments estimated �0.18 0.089 0.021 0.044 0.69 <0.001
Mats estimated �0.31 0.07 0.022 0.039 0.71 <0.001
Filaments generated 40 0.72 0.034 0.012 0.022 <0.001 <0.001
Mats generated 0.59 0.028 0.017 0.02 <0.001 <0.001
Filaments estimated �0.23 0.071 0.014 0.035 0.85 <0.001
Mats estimated �0.33 0.051 0.017 0.028 0.26 <0.001
Filaments generated 50 0.64 0.03 0.008 0.017 <0.001 <0.001
Mats generated 0.48 0.023 0.011 0.014 <0.001 <0.001
Filaments estimated �0.22 0.055 0.01 0.026 0.86 <0.001
Mats estimated �0.32 0.036 0.012 0.02 0.13 <0.001
Filaments generated 60 0.58 0.023 0.002 0.012 <0.001 <0.001
Mats generated 0.44 0.018 0.005 0.01 <0.001 <0.001
Filaments estimated �0.22 0.039 0.004 0.018 0.56 <0.001
Mats estimated �0.28 0.026 0.004 0.013 0.53 <0.001

Note: The p-values for slope and intercept refer to the test that these values are not significantly different to 1 and 0, respectively.

TABLE 6. Performance of the Generated and Estimated Cumula-
tive Frequency Distributions for Predicting Mean Annual Maxi-
mum Cover by Filaments and Mats. Overall performance is
characterized by the Nash-Sutcliffe model efficiency coefficient
(NSE). Model uncertainties are characterized by the root mean
squared deviation (RMSD) and median absolute deviation (MAD),
both in units of cover (%).

Model NSE RMSD MAD Bias
p

(Slope)
p

(Intercept)

Filaments
generated

0.74 9.34 4.869 6.607 0 0

Mats
generated

0.67 8.3 5.5 6.232 0 0

Filaments
estimated

0.03 18.162 8.139 8.626 0.59 0.03

Mats
estimated

�0.22 16.024 9.985 8.283 0.46 0

Note: The p-values for slope and intercept refer to the test that
these values are not significantly different to 1 and 0, respec-
tively.
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exceeded the nominated thresholds in each class were
accurately predicted by the regression model of MAM
cover (Figure 6). NSE values were all positive and

generally larger than 0.5 with the exception of esti-
mates for mats in the Northern Hill class, which had
a negative NSE value (Figure 6).

FIGURE 4. Observed vs. Predicted Mean Annual Maximum (MAM) Filamentous and Total Cover (%) Calculated from the
Generated and Estimated Cumulative Frequency Distributions. The dotted lines show perfect agreement
between observed and predicted (i.e., slope = 1 and intercept = 0). The solid lines show the regression of

observed vs. predicted values. The statistics of the regressions are shown in Table 6.

TABLE 7. Pearson Correlations Among the Explanatory Variables.

FRE2 FRE3 FRE4 LowFlow nNeg Reversals Substrate T95 PAR TN TN:TP TP DIN:DRP DRP

FRE3 0.96
FRE4 0.92 0.98
LowFlow �0.61 �0.66 �0.65
nNeg 0.62 0.57 0.53 �0.45
Reversals �0.31 �0.28 �0.24 0.62 �0.62
Substrate 0.13 0.14 0.15 �0.21 0.18 �0.14
T95 �0.03 0.03 0.05 �0.31 0.03 �0.22 �0.28
PAR �0.1 �0.16 �0.17 0.36 0.04 0.04 0.03 �0.25
TN �0.03 0.02 0.01 �0.24 �0.15 �0.02 �0.25 0.44 �0.37
TN:TP 0.09 0.16 0.16 �0.21 �0.01 �0.01 0.12 0.02 �0.08 0.55
TP �0.12 �0.13 �0.14 �0.08 �0.16 �0.01 �0.4 0.48 �0.35 0.64 �0.29
DIN:DRP 0.08 0.06 0.02 �0.07 0 0.04 �0.03 0.13 �0.06 0.49 0.69 �0.07
DRP 0.06 0.08 0.09 �0.16 �0.01 �0.05 �0.39 0.36 �0.3 0.66 �0.05 0.8 �0.19
DIN 0.11 0.11 0.08 �0.17 0 0 �0.31 0.37 �0.27 0.89 0.54 0.52 0.7 0.57

Notes: All nutrient variables were log (base 10) transformed.
PAR, photosynthetically active radiation; TN, total nitrogen; TP, total phosphorus; DIN, dissolved inorganic nitrogen; DRP, dissolved reactive
phosphorus.

JOURNAL OF THE AMERICAN WATER RESOURCES ASSOCIATION JAWRA121

PREDICTING PERIPHYTON COVER FREQUENCY DISTRIBUTIONS ACROSS NEW ZEALAND’S RIVERS



Predictions of MAM cover made from the esti-
mated CFD were adjusted by the model bias (Table 6)
before aggregating the predictions by environmental
class. When predictions were aggregated by environ-
mental class, the proportion of sites for which MAM

cover exceeded the nominated thresholds was accu-
rately predicted for some classes (Figure 7). NSE
values were positive for three of the four classes for
both filaments and mats. The NSE values for the pre-
dicted proportion of sites for which filaments
exceeded the thresholds were negative for the South-
ern Hill class but were larger than 0.2 for the other
classes (Figure 7). The predictions for mats were neg-
ative for the Northern Hill class, but were larger
than 0.45 for the other classes (Figure 7).

DISCUSSION

In this study, we derived empirical models of mean
and MAM periphyton cover for two categories (fila-
ments and mats) that are relevant to established
guidelines for New Zealand rivers (Ministry for the
Environment, 2000). We found that filaments were
only moderately correlated with mats and that sepa-
rate models were required to best predict the two cat-
egories. We also showed that the frequency
distribution for the cover categories is approximated
by the exponential distribution and quantified the
errors associated with this approximation. Our study
was based on periphyton cover observations, but the
method may be equally applicable to other measures

TABLE 8. Statistics of the Regression Models of Mean and Mean Annual Maximum (MAM) Cover by Filaments
and Mats Including the r2 Values, Coefficients, Standard Errors, and p Values for the Explanatory Variables.

Explanatory Variable

Periphyton Category

Mean Filaments (r2 = 0.42) MAM Filaments (r2 = 0.45)

Coefficient SE Pr(>|t|) Coefficient SE Pr(>|t|)

Intercept 1.056 1.966 0.593 0.413 3.347 0.902
FRE2 �0.097 0.044 0.031 �0.177 0.075 0.021
nNeg �0.012 0.006 0.052 �0.016 0.01 0.13
LowFlow �3.126 1.048 0.004 �5.908 1.784 0.001
T95 0.114 0.053 0.035 0.244 0.09 0.009
PAR 0.004 0.001 0 0.008 0.002 0
log10TN 0.884 0.385 0.025 1.594 0.656 0.018
log10DIN:DRP �0.393 0.259 0.135 �0.73 0.442 0.103

Mean Mats (r2 = 0.32) MAM Mats (r2 = 0.22)

Intercept �5.324 2.142 0.015 �0.61 1.629 0.709
FRE4 �0.117 0.042 0.007 �0.206 0.079 0.011
Reversals 0.023 0.006 0 0.033 0.012 0.007
LowFlow �3.062 1.323 0.024 �6.607 2.453 0.009
Substrate 0.65 0.338 0.058 NA NA NA
PAR 0.003 0.001 0.002 0.005 0.002 0.009
log10TN:TP 0.542 0.358 0.134 1.235 0.667 0.068
log10DRP 0.738 0.292 0.014 NA NA NA

Notes: NA indicates the explanatory variable was not included in the model.
PAR, photosynthetically active radiation; TN, total nitrogen; TP, total phosphorus; DIN, dissolved inorganic nitrogen; DRP, dissolved reactive
phosphorus.

TABLE 9. Performance of the Regression Models of Mean and
Mean Annual Maximum (MAM) Cover by Filaments and Mats.
Model predictions were independent of the models (i.e., for sites not
used in fitting the models) using leave-one-out cross validation.
Overall performance is characterized by the Nash-Sutcliffe model
efficiency coefficient (NSE). NSE and RMSD1 values are for the
regression of square root transformed observed and predicted val-
ues. The values RMSD2, bias, and p values for slope and intercept
were calculated from the back-transformed data.

NSE RMSD1 RMSD2 Bias
p

(Slope)
p

(Intercept)

Mean
filaments

0.25 1.04 5.55 0.00 0.14 0.17

Mean
mats

0.16 1.01 4.38 �0.83 0.34 0.09

MAM
filaments

0.30 1.2 15.9 �2.3 0.28 0.22

MAM
mats

0.08 1.87 14.5 �2.95 0.07 0.02

Notes: The p values for slope and intercept refer to the null
hypothesis that these values are not significantly different from 1
and 0, respectively. Details of the explanatory variables are pro-
vided in Table 1.

RMSD, root mean squared deviation.
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of periphyton abundance such as chlorophyll a or ash
free dry mass.

The relatively low RMSD for the generated CFD
(i.e., where the observed site mean was used to
parameterize the CFD) indicates the probability that
cover exceeds any threshold can be estimated from
mean cover (Tables 4 and 5). However, we showed
that a component of the error associated with the
generated CFD was due to bias. The observed CFDs
tended to decrease more rapidly at low cover values
than the generated CFD leading to a negative bias
(overestimation) of the probability that cover exceeds
values less than ~10% (Figure 3; Table 5). The tails
of the observed CFD were thicker than the generated
CFD leading to a positive bias (underestimation) of
the probability that cover exceeds values more than
~10%. This is an unsurprising outcome because the
exponential distribution is a simple one-parameter
model, whereas it can be expected that the actual dis-
tribution is complex and will also vary between sites.
We experimented with alternative statistical distribu-
tions such as the gamma distribution. However, the
gamma distribution has two parameters, and we

found we could explain little of the variation in these
parameters for the current dataset.

The estimated CFD (i.e., where an estimate of the
mean derived from a regression model was used to
parameterize the CFD) performed poorly for predict-
ing the probability that cover exceeds nominated val-
ues and MAM cover at individual sites (Tables 5 and
6). This poor performance arises because these pre-
dictions combine the errors associated with both the
regression model and the assumption that the distri-
bution of cover values is exponential.

Our regression models for both mean and MAM
abundance had relatively low r2 values, which is
consistent with other studies. For example, Dodds
et al. (2002) and Dodds (2006) explained a maximum
of 40% of mean biomass (chlorophyll a) for observa-
tions made at sites representing diverse environmen-
tal conditions. Other studies have found no
relationship between periphyton abundance and
nutrient concentrations (e.g., Welch et al., 1988;
Lewis et al., 2010) or found these to be complex
(Heatherly et al., 2008). Biggs (2000) and Lohman
et al. (1992) reported strong links between nutrients

FIGURE 5. Observed vs. Predicted Values for Regression Models of Mean Filament and Mat Cover and Mean Annual Maximum (MAM)
Filament and Mat Cover (%). The predictions were made independently for each site using leave-one-out cross validation.

The dotted lines show perfect agreement between observed and predicted (i.e., slope = 1 and intercept = 0). The solid
lines show the regression of observed vs. predicted values. The statistics of the regressions are shown in Table 5.
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and periphyton abundance. However, the sites in
these studies comprised a limited range of environ-
mental conditions and the locale was more restricted
than this study. This suggests that regional relation-
ships may provide greater predictive ability, but at
the expense of generality (Dodds et al., 2002).

The prediction uncertainties were derived from
cross-validation of the regression models of the mean
and MAM cover for both periphyton categories and
were small in absolute terms (Table 9). However, con-
sistent with the low r2 values, the relative uncertain-
ties (i.e., compared with the mean of the values being
estimated) were quite large (75-95%; Tables 9 and 3).
The errors calculated from the back-transformed pre-
dictions were not normally distributed and the MAD
(i.e., the error exceeded by half of the sites) was con-
sistently smaller than the RMSD. Thus, the majority
of sites had relatively low errors, but there were large
errors at a small number of sites.

The low r2 values and large uncertainties may be
partly due to sources of variation in periphyton cover
that were not represented by our explanatory vari-
ables. For example, we did not include variables that
account for differences in periphyton communities
between sites or differences in the intensity of inver-

tebrate grazing. Inconsistent relationships between
periphyton cover and nutrients may be due to the
confounding effects of uptake from the water column
by the standing crop and the mediation of uptake by
hydraulic conditions (Hall et al., 2002). It is likely
that our regression models have revealed only the
strongest patterns between periphyton cover and
environment and their explanatory power was limited
by the number of sites and availability of potential
explanatory variables in our dataset.

The predictions of the proportion of sites that
exceed nominated thresholds within environmental
classes, made using both the estimated CFD and the
regression model of MAM, were more accurate than
the site-scale predictions (Figures 6 and 7). The clas-
sification provided a strong test of the broad-scale
predictions because the classes themselves discrimi-
nate variation in the correlates of periphyton cover.
The North and South Islands discriminate variation
in climatic factors and catchment topography discrim-
inates differences in hydrology and water quality
(Snelder and Biggs, 2002; Larned et al., 2004). Thus,
we are confident that, despite large site-scale uncer-
tainties, the models provide a useful representation
of the broad-scale pattern of periphyton cover across

FIGURE 6. Observed vs. Predicted Values for the Proportion of Sites in Each Environmental Class for Which Mean Annual
Maximum (MAM) Cover Exceeds Nominated Thresholds. The MAM predictions were made using the regression model

and were made independently for each site using leave-one-out cross validation.
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New Zealand. In addition, the regression models of
mean and MAM periphyton cover included several
hydrological indices, nutrient status, and light regime
(PAR) as explanatory variables. Thus, the models are
potentially useful for assessing the broad-scale effects
of changes of these factors on periphyton cover.

Our models should be used cautiously and predic-
tions should not be made outside the range of the fit-
ting dataset (Table 1). It should also be recognized
that our models describe differences between sites.
Using the models to infer changes at a site assumes
that the modeled relationships are transferable and
general. We did not test the validity of this space-for-
time-substitution in this study.

The relationships between the explanatory vari-
ables and periphyton cover were consistent with our
understanding of the factors controlling periphyton
abundance and relationships found by other studies.
Periphyton cover was generally positively related to
either nitrogen or phosphorus concentrations (that
were strongly intercorrelated). In accord with our
conceptual model (Table 2), models that included TN
as a significant predictor also included DIN:DRP as a
negative influence. In addition, models that included
DRP also included TN:TP as a positive influence.
These combinations of variables reflect the combined

influences of these key nutrients on periphyton
growth rates and suggest both nitrogen and phospho-
rus should be considered as potentially limiting nutri-
ents (Dodds et al., 2002). Dodds et al. (2002) found
that periphyton biomass (chlorophyll a) was nega-
tively correlated with latitude, which they considered
was associated with increased light. This is consistent
with the inclusion of PAR in our models. We also
found that periphyton cover was positively correlated
with temperature, which is also consistent with
Dodds et al. (2002).

Our models suggest that several independent
aspects of the hydrological regime are associated with
periphyton cover (Table 8). Cover decreased with
increasing values of LowFlow and FREn, indicating
that cover is lower at sites that have high base flows
and frequent floods. Mean filamentous cover was also
negatively related to rates of change in flow (nNeg). In
general, the consequence of water abstraction, dams,
or diversions is to reduce base flows, flood flows, and
the rates of change in flows at a site and this is consis-
tent with the observation that abstraction tends to
increase periphyton abundance (Lowe, 1979; Biggs
and Price, 1987). We found that mean and MAM mat
cover was positively related to hydrological reversals
(Reversals). The positive relationship between mat

FIGURE 7. Observed vs. Predicted Values for the Proportion of Sites in Each Environmental Class for Which Mean Annual
Maximum (MAM) Cover Exceeds Nominated Thresholds. The MAM predictions for each site were made using the
estimated cumulative frequency distributions (CFDs) and were adjusted by the estimated model bias (Table 6).
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cover and hydrological reversals may be associated
with the higher resistance of mat-forming taxa and the
tendency for mats to be the dominant growth form at
hydrologically disturbed sites (Biggs et al., 1998a, b).

We tested a variety of other regression model for-
mulations, including models with nonlinear terms
and interactions between various explanatory vari-
ables. While some of these formulations increased the
explained variation, they generally did not improve
the predictive performance. Biggs (2000) and Dodds
et al. (2002) suggest that regionalized regression
models, such as those often applied to predicting
hydrological indices (e.g., Laaha and Bl€oschl, 2006),
could improve periphyton–environment relationships.
The prerequisite for this, however, is a sufficient
number of sites within each region and therefore
ongoing monitoring of periphyton abundance and
environmental characteristics such as that under-
taken by the NRWQN would be necessary to advance
this approach.

CONCLUSION

While the uncertainty of our models is large at the
site scale, we showed that they produce accurate pre-
dictions of broad-scale patterns. We conclude that the
models are potentially useful for making broad-scale
assessments of mean and MAM periphyton cover and
cover frequency distributions in rivers and for esti-
mating the strength and direction of changes in cover
in response to changes in nutrients, hydrological
regime, and light. Estimates of several of the explan-
atory variables required by our models are available
for all river locations in New Zealand including med-
ian nutrient concentrations (Unwin et al., 2010) and
estimates of the hydrological indices (Booker and
Snelder, 2012). Future research could develop esti-
mates of PAR, T95, and the substrate index for all
river locations in New Zealand using methods similar
to Unwin et al. (2010) and Snelder et al. (2011).
These data would allow mean cover to be estimated
at new sites without the need to make observations
of water quality and hydrology.
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