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ABSTRACT

ARTICLE HISTORY

Reference benchmarks are needed to assess the contemporary
status of rivers and to establish restoration targets. We developed
predictive models to estimate site-specific reference values for a
macroinvertebrate community index (MCI), which is used to
indicate a range of human impacts on wadeable streams. We
compared three statistical modelling approaches – general linear,
boosted regression tree (BRT) and random forest (RF) – and tested
the effect of spatial scale on predictive accuracy by developing
national and regional BRT models. Using fitted flexible models
(BRT, RF) and resetting predictors to reflect natural state provided
the most accurate predictions of reference condition. Variation in
reference MCI predictions from national and regional models was
within the range observed from methodological and temporal
variability. The proportion of native vegetation in upstream
catchments was the primary predictor of MCI scores in all models,
while secondary predictors varied regionally.
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Introduction
Reference condition provides a baseline for assessing the contemporary status of streams
and rivers, and for establishing restoration benchmarks. Approaches to defining reference
condition in modified landscapes include the use of (i) minimally disturbed sites, (ii) historical datasets and (iii) best available or best attainable condition (Stoddard et al. 2006).
The ‘reference condition’ is commonly characterised by first stratifying natural variation
using stream classifications. Sites within individual classes are then chosen that represent
reference state based on the absence of anthropogenic stressors. The reference condition
is then quantified for biotic or water quality measures based on surveys of the chosen
reference sites. Pressure filters are used to set an acceptable level of naturalness and
hence identify sites that are in a reference state, for example, sites with no introduced
species present and with greater than 85% natural vegetation in their catchments
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(Collier et al. 2007). Stream classifications are used to control for biogeographical or ecotypical variability so that sites are assessed against relevant benchmarks (Hawkins et al.
2010). However, the spatial distribution of human pressures means there are inevitably
some stream classes for which there are very few or no comparable reference sites, for
example, lowland streams in New Zealand (Unwin et al. 2014). When reference sites
are sparse or absent, models can provide an alternative method for estimating reference
condition through spatial interpolation (e.g. Dodds & Oakes 2004). Indeed, site-specific
modelling approaches have become the focus of defining reference benchmarks for assessing ecological condition (Hawkins et al. 2010).
Models that predict reference condition for use in stream biomonitoring are based on
the assumption that a quantifiable relationship exists between anthropogenic stressor(s)
and biotic metric response. A simple linear relationship between pressure and response
variables enables a linear regression model to be used to estimate the reference condition.
For example, McDowell et al. (2013) used analysis of covariance (ANCOVA) to predict the
reference condition of water quality indicators in classes of New Zealand streams based on
relationships with the proportion of catchment occupied by high producing exotic grassland. However, ecological responses are rarely linear and complex relationships are
common, especially as the complexity of response variables increases from populationto community- or ecosystem-level metrics (Wu & David 2002; Clapcott et al. 2012).
More flexible statistical methods, such as random forests (RF), allow for non-linear
relationships and high-order interactions and are increasingly used in community and
ecosystem-level modelling (Clapcott et al. 2012; Booker et al. 2014). RF and boosted
regression trees (BRT) are machine learning methods that provide an advanced form of
regression (Elith et al. 2008) and can provide more accurate estimates of stream metrics
than other model approaches (Waite et al. 2012; Waite 2014), although the accuracy of
reference condition predictions has yet to be tested.
Previous studies have suggested that large-scale models that lack predictors describing
the proximate causes of variation provide little insight into causal links between land cover
and stream biotic response observed at a local scale (Allan 2004; King et al. 2005; Riseng
et al. 2011). Consequently regional models, where training data are grouped by biogeographic or physiographic similarity and proximate variables are measured, have been
shown to provide more accurate predictions of biotic metrics (Ode et al. 2008; Cuffney
et al. 2011; May et al. 2015). However, when sufficient data are available to inform the
full gradient of environmental descriptors and their potential interactions, there is no
reason why a broad-scale model would be less accurate than a regional model. Furthermore, combining data from multiple surveys increases information and potentially
improves model performance when compared to smaller datasets.
We developed predictive models for a macroinvertebrate community index (MCI) that
can be used to predict the expected reference condition of wadeable streams across New
Zealand. We tested three modelling approaches – ANCOVA, RF and BRT – to assess
which one(s) provided the most accurate predictions of reference condition. We expected
predictions of MCI reference condition (i) would differ across different stream classes
defined by climate and source of flow due to the underlying influence of hydroclimatic
factors (Leathwick et al. 2011), and (ii) would be more accurate for regional models
than for a national model, held to the same training n, because environmental variability
is limited within regions.
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Methods
Benthic invertebrate data
Benthic invertebrate metric data were compiled from regional council river monitoring
databases and a national river monitoring network in New Zealand (Smith et al. 1996).
This national dataset comprised 1033 sites sampled multiple times and spanning wide
environmental and impact gradients across the North and South islands. We restricted
our analyses to the median of MCI values from five years spanning 2007–2011, so that
responses were comparable to land cover predictors derived from the most recent satellite
imagery available (2007–2008; Land Cover Database 3). This dataset was supplemented by
231 sites from the Wellington and Auckland-Waikato regions sampled once over 2010–
2012.
Invertebrate samples from each site were collected either quantitatively with a Surber
sampler (0.1 m2) or semi-quantitatively with a kick-net (0.5 mm mesh size) of 0.6–
1.0 m2 of the streambed within a riffle or run habitat using standard protocols (Scarsbrook
et al. 2000; Stark et al. 2001). Sampling effort can affect the number of taxa collected but
has a minimal (<10%) effect on community index scores (Stark 1993). The majority of
samples (>70%) were collected during summer (December–February) and were preserved
in the field in c. 70% ethanol or isopropyl alcohol. Invertebrates were identified in the laboratory using standard guides (e.g. Winterbourn et al. 2006), primarily to genus for insects
and most molluscs, and phylum to family for most other taxa corresponding to the level of
taxonomic resolution used by Stark et al. (2001) for calculating the MCI. This tolerance
metric was developed for indicating organic enrichment in wadeable streams with hard
bed substrate (Stark 1985), where site scores potentially range from >150 (indicating
very healthy) to as low as 20 (very poor). MCI scores were logit transformed prior to analysis because during pilot studies we observed consistently better model validation for transformed compared to non-transformed scores, and no difference in predictor variable rank
importance. MCI scores were back transformed to provide meaningful values and hence
we checked for, and where necessary corrected for, retransformation bias prior to model
testing using the method of Manning (1998).
Environmental data
We extracted a set of continuous environmental variables from the Freshwater Ecosystems
of New Zealand (FENZ) database (Leathwick et al. 2010) that had been previously shown
to provide reliable predictions of invertebrate distributions (Leathwick et al. 2011; Clapcott
et al. 2012). Environmental variables used included catchment characteristics (catchment
averages values) and segment-scale measures of geology and topography, slope, flow and
flow-influencing factors (e.g. upstream rainfall) (Table 1). Upstream catchment land cover
data for the downstream node of each segment were summarised from 34 categories into
the proportional cover of five categories (Table 1), based on the most recent satellite
imagery available (2007–2008; Land Cover Database 3). We also calculated a measure
of surface water allocation (SWA) pressure as an index of the effects anthropogenic
water use has on river flows. For each segment in the network, we summed the upstream
consented daily water allocation (MfE 2006) and expressed it as a proportion of the mean
annual low flow. The mean annual low flow for each segment was estimated using the

Table 1. Description of land cover and land-use stressors and other continuous environmental variables and the mean and range in values in the datasets used for
national (n = 1264) and regional models of MCI scores.
Category

Predictor

Description

AucklandWaikato

National

Greater
Wellington

Land cover and landuse stressors

Temperature and
shading

Geology and
topography

Native vegetation cover in the catchment (%)
Pastoral heavy cover in the catchment (%)
Pastoral light cover in the catchment (%)
Urban impervious cover in the catchment (%)
Bare ground in the catchment (%)
Low flow remaining after the upstream daily water allocation is deducted (proportion)

34 (0,100)A,B
43.1 (0,100)A
6 (0, 92)A
10.4 (0, 100)A
0.31 (0, 7.35)
0.25 (0, 1)A

SegLowFlow 4
SegFlowStability
USRainDays
SegSumT

Mean annual 7-day low flow (m3/s)
Annual low flow/annual mean flow (ratio)
Days/year with rainfall in the catchment greater than 25 mm
Segment summer air temperature (°C)

−3 (−8, 1.7)A
0.2 (0, 0.5)A,B
2.4 (0.6, 4.3)A,B
17.2 (12.6, 19.6)A

−4 (−8, 0.8)
0.2 (0, 0.5)
2.6 (1.9, 3.5)
18 (12.8, 19.3)

USAvgT
SegTSeas
SegShade
USSlope

Average air temperature (°C) in the catchment, normalised with respect to SegJanAir
Segment winter air temperature (°C), normalised with respect to SegJanAir
Segment riparian shade (proportional)
Average slope in the catchment (°)

−0.4 (−5.98, 1.6)A
0.5 (−4.2, 3.5)A
0.3 (0, 0.8)A
12.6 (0, 32)A,B

0.02 (−2.46, 1.09)
0.7 (−0.8, 2.1)
0.4 (0, 0.8)
10.6 (0.2, 28.4)

SegSlope
SegHab

2

SegSubstrate
USCalcium
USHardness
USPhosphorus
USPeat
USLake

Segment slope (°)
Weighted average of proportional cover of local habitat using categories of: 1 = still; 2
= backwater; 3 = pool; 4 = run; 5 = riffle; 6 = rapid; 7 = cascade
Weighted average of proportional cover of bed sediment using categories of: 1 = mud;
2 = sand; 3 = fine gravel; 4 = coarse gravel; 5 = cobble; 6 = boulder; 7 = bedrock
Average calcium concentration of rocks in the catchment, 1 = very low to 4 = very high
Average hardness of rocks in the catchment, 1 = very low to 5 = very high
Average phosphorus concentration of rocks in the catchment, 1 = very low to 5 = very
high
Area of peat in upstream catchment (%)
Area of lake in upstream catchment (%)

Note: For Auckland-Waikato n = 492. For Wellington n = 107.
Data transformations indicated where relevant: 1, cube root; 2, square root; 3, fourth root; 4, double log; 5, log.
Variables indicated when used in: A, restricted-national model A; B, restricted-national model B.

A,B

37.9 (0,
45.9 (0,
0.6 (0,
11.4 (0,

100)
100)
40)
100)

0.11 (0, 1)

37.8 (0, 100)

0.25 (0, 1)

16.9 (16, 17.6)
−0.3 (−3.2, 0.8)
14.9 (0.4, 29.4)

1.7 (1, 15.2)
4 (2.3, 5.9)A

2.2 (1, 13.7)
3.9 (2.5, 4.6)

1.7 (1, 7.3)

3.5 (1, 5.9)A,B

3.2 (1, 5.1)

3.7 (1.1, 5.1)

1.5 (1, 2.9)
2.9 (1, 4)
1.8 (1, 4)

1.5 (1, 2.7)
3 (1, 4)

A,B

1.6 (1, 4)
2.9 (1, 5)A
2.2 (1, 5)A

0 (0, 1)
0 (0, 0.1)
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Environmental variables
Flow

NativeVeg
PastoralHeavy
PastoralLight
Urban 1
Bareground 2
SWA 3
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methods of Pearson (1995). Approximately 6.5% of stream segments at a national scale
were affected by surface water takes. Of the resulting 22 predictors, 16 were approximately
normally distributed. To approximate normal distributions for use in a linear model
(ANCOVA) we square root transformed the Baregound and SegSlope variables, and
respectively cube root, fourth root, log and double log transformed the variables Urban,
SWA, USRainDays and SegLowFlow. Additionally, sites were assigned to one of 23
Climate and Source-of-Flow (CSOF) categories from the River Environment Classification
(REC; Snelder & Biggs 2002). The categories represented in the dataset included Climate:
warm-extremely wet (WX), warm-wet (WW), warm-dry (WD), cool-extremely wet (CX),
cool-wet (CW), cool-dry (CD) and Source-of-Flow: glacial mountain (GM), mountain
(M), hill (H), low elevation (L), lake (Lk).
Regression models
We fitted three types of regression models to the MCI scores: ANCOVA, RF and BRT.
ANCOVA includes categorical and continuous variables in a linear regression model
(Dodds & Oakes 2004). We fitted ANCOVA models that included CSOF as the categorical
variable and six continuous variables representing the proportion of the catchment occupied by various land cover and the water allocation pressure variable. We used stepwise
selection to reduce the model terms to only include those variables that contributed to
the predictive performance of the ANCOVA model. The approach reduces the probability
that land cover may be correlated with the environmental variables because the relationship between land cover and the indices is defined for a group for which segment- and
catchment-scale environmental variables are considered homogeneous. However, the
method can only be applied to classes for which there is sufficient replication to define
the regression relationships and does not allow estimates of reference values in non-represented classes. ANCOVA analyses were carried out by using anova and lm commands in
R (R Core Team 2014).
RF models are an ensemble of individual classification and regression trees (a forest).
Each tree is grown with a random bootstrap sample of the entire data set which then
becomes the training data for that tree. Predictions are made by averaging individual predictions from the ensemble of trees. The structures of RF models can be examined by using
importance measures and partial dependence plots. Importance measures indicate the
contribution of the predictors to model accuracy. Partial dependence plots show the marginal contribution of a predictor to the response (i.e. the response as a function of the predictor when the other predictors are held at their mean value). Our RF regression models
included continuous land cover and environmental variables, were trained using 500 trees,
with seven variables tried at each split. We used the randomForest library in R following
methods outlined by Breiman (2001).
BRT models also automatically fit non-linear and high-order interactions (Friedman
2001; Elith et al. 2008; Hastie et al. 2009). The BRT method combines additive regression
modelling with boosting techniques, and provides an estimate from numerous and often
thousands of very simple models. BRT models include a measure of the comparative
strength of association between the response variable and predictor variables (percentage
deviance explained) as well as a cross-validation coefficient (CV) that indicates the predictive performance of the model. BRT analysis also indicates the form of the predictor-
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relationship (e.g. linear, curvilinear or sigmoidal fitted functions), which are comparable to
partial dependence plots in RF models. In our BRT models, we used continuous land cover
and environmental variables, tree complexity (the number of regression tree rules or splits
associated with each individual model) was set at seven (owing to the high number of
explanatory variables that could interact), and the learning rate was tuned to ensure at
least 1000 trees were included in the final model (Elith et al. 2008). For BRT analyses,
we used the gbm library of Ridgeway (2006) supplemented by scripts from Elith et al.
(2008).
National models
We used the ANCOVA, RF and BRT models to predict reference conditions at a national
scale by modelling MCI as a function of environmental and human impact variables. We
trained models using the entire dataset (n = 1264) to compare model diagnostics and the
relative importance of predictor variables. Then we performed a leave-one-out cross-validation (LOOCV) procedure (Hastie et al. 2009) to test the predictive performance of the
models. We plotted the observations versus predictions and quantified the model performance using the following metrics; Nash–Sutcliffe efficiency (NSE), bias, and the
root mean squared deviation (RMSD) (Piñeiro et al. 2008). The NSE statistic indicates
how closely the observations coincide with predictions (Nash & Sutcliffe 1970). NSE
values range from −∞ to 1. An NSE of 1 corresponds to a perfect match and values
greater than 0.5 indicate good model performance. Bias measures the average tendency
of the predicted values to be larger or smaller than the observed, where positive values
indicate model underestimation and negative values indicate overestimation bias. The
RMSD is an estimate of model accuracy, where smaller values indicate greater accuracy
(Piñeiro et al. 2008). We used RMSD to estimate model prediction intervals. We
further assessed model precision by testing whether the slope of the line of best fit was significantly different to the 1.
For both RF and BRT methods, we estimated reference conditions by first setting the
values of the predictors that represented anthropogenic stressors to zero. We then predicted the value of MCI for all segments of the river network. Similarly for the
ANCOVA model, we calculated reference MCI scores by assigning zero to anthropogenic
variables in the regression equation for each CSOF category. We used a second LOOCV
procedure to assess the relative accuracy of MCI reference predictions from the three modelling approaches. In this second LOOCV procedure, the hold-out data were restricted to
minimally disturbed sites (i.e. >85% native cover, <15% light pastoral cover, <5% heavy
pastoral cover and urban and water allocation = 0). We relaxed these land cover rules
to ensure there were sufficient sites (n = 90) to test the models.
Regional models
To test our hypothesis that regional models would provide more accurate predictions than
national models, we developed BRT models for two case study regions: Auckland-Waikato
(n = 492) and Wellington (n = 107). For the Auckland-Waikato model, variables were
excluded if they did not explain any deviance in the MCI data. For the Wellington
model, we used stepwise selection based on Akaike Information Criterion to select a set
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of predictor variables. Because sample size can affect the predictive performance of BRT
models (Elith et al. 2008), we also developed two models using a random selection of
sites from the national data set to match the n of regional models; restricted-national
model A (n = 492) and restricted-national model B (n = 107). Variable selection was the
same as for the regional models, with variables excluded from model A if they did not
explain any deviance in the MCI data and stepwise selection used to select predictor variables in model B. We tested the performance of all four models using the LOOCV procedure, and compared reference MCI predictions made from the regional, nationalrestricted and national models with observed values at the nominated reference sites in
the Auckland-Waikato (n = 54) and Wellington (n = 8) regions. All analyses were conducted in R version 3.1.1 (R Core Team 2014).

Results
National models
RF and BRT models provided more accurate predictions of contemporary MCI scores at a
national scale compared to the ANCOVA model (Figure 1). The NSE was 0.62 and 0.63 for
the RF and BRT models respectively, compared with 0.55 for the linear model. The RMSD
was 12.9 for both the RF and BRT models, compared with 14.1 for the linear model. The
95% prediction interval estimated from the RMSD was 25 MCI units for both the RF and
BRT models and 28 MCI units for the linear model. All model predictions had low bias, on
average underestimating MCI scores by 0.95% to 1.81%. The BRT model showed the least
bias (Figure 1) and the slope of the line of best fit was not significantly different to 1 in any
model (data not shown).
Predicted reference MCI scores were more accurate for the RF and BRT models than
the ANCOVA model. The LOOCV analysis of observed data from 90 national reference
sites indicated that the RMSD was lower for the RF and BRT models, 7.6 and 8.1 respectively, compared with 9.1 for the ANCOVA model (Figure 2). Bias was less than 1% for all
models and the slope of the line of best fit was not significantly different to 1 in any model
(data not shown). NSE for the RF and BRT models was 0.43 and 0.35 respectively, compared with 0.18 for the linear model (Figure 2), and were much lower for reference state
models than contemporary models (see Figure 1). However, absolute uncertainty was
lower for the reference state predictions than for the contemporary MCI predictions.

Figure 1. Scatter plots of observed versus predicted values from a, RF, b, BRT and c, linear (ANCOVA)
model of MCI scores at 100 randomly selected national sites. The dashed line is the 1:1 line and the solid
line is the line of best fit. Model performance statistics are explained in the text.
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Figure 2. Scatter plots of observed versus predicted values from refitted a, RF, b, BRT and c, linear
(ANCOVA) model of MCI scores at 90 national reference sites. The dashed line is the 1:1 line and the
solid line is the line of best fit. Model performance statistics are explained in the text.

For example, the 95% prediction interval for BRT reference model predictions was 16 MCI
units compared to 25 MCI units for the BRT contemporary model. The predicted mean
reference MCI scores from the national models were all similar; RF = 129, BRT = 131
and ANCOVA = 128.
The LOOCV highlighted that the ANCOVA model predicts a single reference MCI
score for each CSOF class whereas observations indicated that there is a range of reference
MCI scores in classes (Figures 2 and 3). Native vegetation cover was the most important
land cover predictor of MCI scores in all three national models (Table 2). For the RF and
BRT models, the main environmental predictors of MCI scores included flow variability
(SegFlowStability), habitat category (SegHab), substrate composition (SegSubstrate),
summer temperature (SegSumT) and average upstream slope (USSlope) (Table 2). The
MCI scores had monotonic responses to NativeVeg and PastoralHeavy in RF and BRT
models and a strong positive response to NativeVeg and negative response to PastoralHeavy in the ANCOVA model. There were no interactions between NativeVeg, PastoralHeavy and CSOF retained in the ANCOVA model, meaning that all classes showed similar
slopes for the relationships with those land cover predictors.

Figure 3. Summary boxplots (median and interquartile range, 1.5x interquartile range and outliers) of
predicted reference MCI scores for CSOF classes at a national scale from a, RF, b, BRT and c, linear
(ANCOVA) models. Crosses show the median MCI value observed at reference sites. Summary values
are provided in Table S1.
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Table 2. Comparison of predictor variable relative importance (sums-of-squares for ANCOVA) and
summary output of three approaches to modelling MCI at the national and regional scales.
Category
Land cover and landuse stressors

Environmental
variables
Flow
Temperature and
shading

Geology and
topography

Contemporary mean
MCI
Reference mean MCI

National
BRT

National
RF

0.36

0.39

33.71
4.63
6.18
0.39
0.85

20.26
3.46
10.64
0.86
1.61

1.69
7.32
4.78
7.96

2.57
6.54
4.83
4.92

1.89
4.92
3.50
15.41

USAvgT
SegTSeas
SegShade
USSlope

1.83
2.94
3.71
4.61

2.64
2.51
3.71
8.30

1.04
1.36
6.74
10.64

SegSlope
SegHab
SegSubstrate
USCalcium
USHardness
USPhosphorus
USPeat
USLake

3.56
4.63
3.75
2.44
2.21
2.17
0.17
0.10
104

3.82
6.32
7.71
2.78
3.34
2.40
0.27
0.13
104

1.21
0.79
11.37
2.82
2.79
2.05
103

101

105

131

129

128

123

122

Predictor
Bareground
NativeVeg
Urban
PastoralHeavy
PastoralLight
SWA
Climate/Source-ofFlow
SegLowFlow
SegFlowStability
USRainDays
SegSumT

National
ANCOVA

AucklandWaikato BRT

Wellington
BRT

43.04
6.41
3.65
0.28
1.32
69.73

26.99
2.25
3.87
0.12
0.24

36.16

5.87

4.88
5.10
10.32
9.70
5.05
17.64
5.29

Note: The three most important variables in models are highlighted in bold text. See Table 1 for a description of predictor
variables and text for description of modelling approaches.

Regional models
Model diagnostics indicated good performance of the regional BRT models for the Auckland-Waikato and Wellington regions. For the Auckland-Waikato region, the national
and restricted-national model A performed better for predicting reference MCI scores
than the regional model based on LOOCV at 54 sites (Table 3). NSE was higher for
both national models than the Auckland-Waikato regional model. RMSD was also
lower for the national and restricted-national models than the regional AucklandWaikato model (Table 3). All three models had considerable negative bias, slopes deviated
significantly from 1, and reference MCI scores in the Auckland-Waikato region were overestimated between 7.5% and 9.7% (Table 3).
For the Wellington region, the relationships between predicted and observed reference
MCI scores (from the LOOCV at eight sites) suggested that the regional model performed
similar to the national model (NSE > 0.5) with equivalent error (RMSD; Table 3). The
regional model was biased and tended to underestimate reference MCI scores, albeit
less so than the national model which overestimated scores. The restricted-national
model B had similar model performance, but with less bias, less precision and higher
error (Table 3).
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Table 3. Comparison of performance metrics for leave-one-out cross-validations of three BRT models
predicting reference MCI scores for two regional datasets.
Model
Auckland-Waikato
National
Restricted-national A
Wellington
National
Restricted-national B

Training n

Test n

NSE

Bias

PSlope

RMSD

492
1264
492
107
1264
107

54
54
54
8
8
8

0.26
0.38
0.37
0.54
0.54
0.50

−9.74
−9.52
−7.47
2.35
−5.15
−0.64

<0.001
<0.001
<0.001
n.s.
n.s.
n.s.

17.53
16.06
16.21
16.81
16.80
17.49

Note: Training n = number of sites used in model development, Test n = number of sites used in validation dataset. NSE =
Nash–Sutcliffe efficiency; RMSD = root mean squared deviation. PSlope = probability that the slope of the line of best fit
is significantly different to 1.

Native vegetation was the most important land cover predictor at a regional scale
(Table 2). SWA was also retained as an important predictor in the Wellington regional
model. Environmental variables that explained the most variance in MCI scores included
summer temperature (SegSumT) and substrate composition (SegSubstrate) in the Auckland-Waikato model, and average upstream slope (USSlope) and calcium concentration
of rocks in the catchment (USCalcium) in the Wellington model.

Discussion
Which model provides the most accurate predictions of MCI reference condition?
Our results show that reference MCI scores can be accurately predicted by regression
models and that more flexible models perform better than a linear model. Other studies
that have used flexible modelling approaches to predict biological indices of stream
health have shown similar model performance (Booker et al. 2014; Pilière et al. 2014;
Waite 2014). However, there are few examples of independent tests of contemporary or
reference state predictions in the literature. For example, Booker et al. (2014) used a
LOOCV technique similar to our study to test contemporary MCI predictions and their
NSE measure was 0.64 (comparable NSE in our study = 0.62). Our independent validation
statistics provide evidence of the improved predictive capability of flexible models compared to the linear (ANCOVA) model for reference state predictions.
We expected our reference predictions would overestimate MCI scores for minimally
disturbed sites given that these sites have some degree of anthropogenic impact.
However, we observed the opposite and this may be because BRT and RF models do
not extrapolate beyond the range of the observations in the training data set (due to the
recursive partitioning approach of both models). As such, sufficient reference sites
across a range of environmental conditions are needed to predict reference state using
this model approach. In contrast, the ANCOVA model will predict outside the range of
training data observations and while this could lead to inappropriate out-of-range
response predictions (e.g. MCI greater than 200) the linear model also resulted in underestimations of reference MCI scores in our study. Underestimation was consistent across
the full range of MCI scores (i.e. slope was not significantly different to one). However,
bias of all national models was small, being less than 2% for flexible models and less
than 4% for the linear model. These percentages relate directly to MCI scores, hence a
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2% bias means the BRT model predicts a mean reference MCI score of 129 instead of the
observed 132.
Achieving good performance from machine learning methods generally requires
including a suite of predictor variables. For example, our RF and BRT models included
predictors that characterised catchment climate, topography and land cover (Table 2).
Land use is generally highly correlated with the other catchment characteristics. Some
authors consider this can make it difficult to use these models to isolate the contribution
of land use or to predict the effect of changing land use or management (e.g. Oehler &
Elliott 2011). However, we showed that setting anthropogenic stressors to zero in our
fitted BRT and RF models produced accurate estimates of reference condition MCI.
This is because models fitted with tree-based methods such as RF and BRT are robust
to collinearity among predictors (Elith et al. 2008); the most informative predictor is
chosen in each subsequent node fit so the influence of correlated predictors is minimised.
When it comes to apportioning variance such as in the reference model approach, variance
is primarily assigned to native vegetation cover as the most informative predictor. This
could lead to less spatial variation in predicted MCI reference scores than observed,
however this was not the case in our study. Numerous studies have shown native vegetation cover to be the most important predictor of MCI reference scores at multiple
spatial scales (Death & Collier 2010; Clapcott et al. 2012). Furthermore, Clapcott et al.
(2014) showed that the difference in variance explained in MCI scores predicted from
models fitted with and without land-use predictors was equivalent to the variance assigned
to land use in an ‘all-in’ model. This suggests that it is reasonable to expect robust reference state predictions of MCI scores from flexible models which reset land cover to 100%
native vegetation.
Accounting for sources of variability
There are several sources of uncertainty in the prediction of MCI reference scores that are
important to quantify when assessing the efficacy of predictive models. First, within-site
spatial variability is not accounted for in our models because we used mean site scores.
Stark (1993) found within-site variability using kick-net and Surber sampling methods
to be in the range 10–15% of the mean value, suggesting that within-site spatial variability
was not a major source of variation in model predictions. Second, seasonal and interannual variability are not accounted for in our models. Previous studies have shown
that the seasonal effect on MCI scores is relatively small, with most seasonal means
within 3% of annual means (Stark & Phillips 2009). Inter-annual variation was also relatively small (4–8%) at reference sites sampled over 10 years in the Waikato region (Collier
2008a, 2008b). Our national dataset was dominated by samples collected in summer (70%)
and restricted to 5 years of consecutive data; conservatively, we estimate the additive effect
of natural temporal variation on reference MCI scores to be less than 10%. Third, natural
among-site variation is accounted for in our models and is shown by the range in MCI
scores predicted nationally or within stream classes. Predicted MCI reference scores
range from 112 to 146 at the national level, although the effective range is much less
for specific CSOF classes. For example, the BRT model predicted a 5th–95th percentile
range of 119–132 for sites grouped post hoc into the CD/H class and 109–131 for the
CD/L class (Table S1). Variation in MCI reference scores among classes was expected

NEW ZEALAND JOURNAL OF MARINE AND FRESHWATER RESEARCH

55

due to the range of environmental variability among classes, represented as a categorical
variable in the ANCOVA model (e.g. CSOF) and continuous variables in the flexible
models (e.g. SegSumT, USSlope). In summary, model predictions of MCI reference
scores are relatively accurate when compared to the error that can be expected due to
sampling error and temporal variability. Environmental variability contributes to broadscale variation in reference predictions, but native vegetation cover accounts for a third
of the variation in MCI scores (Table 2).
Does a regional model provide more accurate predictions than a national
model?
Our results did not support the hypothesis that regional models would provide more accurate predictions of reference MCI scores than a national model due to better representation of locally important variables in the regional models. Instead, the efficacy of
developing a regional model appears context dependent, influenced in part by the environmental variability observed within a region compared to the variability observed at the
national scale. Using BRT models of stream macroinvertebrate indices, Waite et al.
(2014) observed that regional models of a narrow extent provided more accurate predictions, when locally relevant environmental variables were retained, than broader-scale
models. In our study, where national models were just as informative as regional
models, the predictor set was not changed to reflect regional character. Furthermore,
there was less signal (i.e. index response to pressure gradients) to noise (i.e. index response
to environmental variability) in the Auckland-Waikato region, despite large training and
validation datasets, which may further account for the lack of improvement provided by
the regional model.
Good model performance for the regional model and restricted-national model for the
Wellington region suggests that training datasets could be as small as 100 sites to obtain
accurate predictions. While model validation statistics can be strongly influenced by
sample size (Hastie et al. 2009), our results suggest that n alone is not limiting model performance, for example, low RMSD when validating the Wellington model at eight sites.
Instead it may be that the range in MCI scores observed at regional reference sites is
limited and biasing validation. Inspection of the data reveals that regional reference
sites are subject to very little additional land-use pressures, on average less than 1%
heavy pastoral cover, in comparison to national reference sites, where pastoral cover
ranges from 0% to 14%. Furthermore, regional reference sites were ground-truthed
prior to selection (Collier et al. 2007), so it unlikely that unmeasured pressures such as
road crossings or point sources are causing lower observed than predicted MCI scores
at reference sites.
Management implications
Our results show that high MCI scores occur at sites with high native vegetation in the
upstream catchment, lower temperatures, larger substrate sizes, greater segment slopes
and more stable flows. The RF and BRT models provide site-specific predictions which
can then be grouped post hoc by any stream classification (Figure 3, Table S1) whereas
the ANCOVA model predicts average values for a priori defined stream classes. As
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such, a major difference between flexible and linear modelling approaches for predicting
reference site metrics is the ability of the former to predict to stream classes that were not
represented in the data set but have similar environmental gradients to classes that were
represented. Furthermore, site-specific predictions identify a range in reference conditions
and this suggests that ‘reference condition’ should be described as a distribution rather
than a single endpoint (Stoddard et al. 2006).
The RF and BRT models provide accurate predictions of MCI scores that can be used to
inform management benchmarks. Currently, four quality classes are used to denote ‘Excellent’ (MCI >119), ‘Good’ (100–119), ‘Fair’ (80–99) or ‘Poor’ (<80) conditions indicative of
different levels of degradation (Stark & Maxted 2007). We suggest these MCI benchmarks
should not be universally applied and benchmarks specific to particular stream types are
more appropriate. For example, all national models predict average reference MCI scores
of 100–119 rather than >119 for WD/L and WD/Lk river classes. MCI scores from BRT
model predictions (Clapcott et al. 2014) have previously been used to inform unitary and
regional plans in New Zealand. For example, the Greater Wellington Regional Council
Proposed Natural Resources Plan (2015) included MCI predictions to establish ecosystem
health objectives for different river classes.
Improved model performance will assist the broader application of MCI predictions for
freshwater management in New Zealand. Model improvement may be possible with the
use of more accurate measures of predictor variables from scales relevant to those at
which benthic invertebrate samples are collected (e.g. reach-scale), instead of modelled
values reflecting characteristics of stream segments which can range from hundreds to
thousands of metres in length. For example, robust measures of substrate size and nutrient
concentrations (e.g. Clapcott & Goodwin 2014; Wagenhoff et al. in press) along with
improved accounting of flow and temperature condition (e.g. Booker et al. 2014), may
improve the predictive performance of a national MCI model.
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