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Abstract 

Effective environmental management hinges on monitoring drivers of change and effectively communicating results to stakeholders. 
While animals are valuable for engagement, few monitoring programs successfully integrate metrics quantifying their assemblages. We 
studied fish responses to environmental factors (including landscape context and water quality) in a 3-year survey across six ecosys- 
tems and 13 estuaries in eastern Australia (for > 1800 fish surveys), and developed a novel predicted versus observed approach to 

monitoring, grading, and reporting on animal populations. Fish species richness and the abundance of five indicator species were ex- 
plained significantly by at least one spatial attribute of sites (e.g. connectivity with mangroves and the ocean), and at least one water 
quality metric reflecting annual median water conditions (especially turbidity, dissolved oxygen (DO), and chlorophyll a concentration). 
For our grading approaches, predicted values were calculated for each replicate using best-fit models for each indicator, thereby ac- 
counting for natural spatiotemporal variation and standardizing site-to-site comparisons. Evaluating six methods for translating values 
into graded scores for each estuary, we recommend a simple metric: the percentage of sites with observed values above predictions. 
We discuss this approach as useful and complementary to programs with predominantly physical parameter monitoring, and discuss 
challenges in establishing ongoing protocols. 
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ntroduction 

ccurate and ongoing monitoring is crucial for understand-
ng the implications of human impacts on ecosystems and in
uantifying the effectiveness of, and optimizing, management

nterventions (Westgate et al. 2013 , Sato et al. 2019 , Linden-
ayer et al. 2022 ). However, ecosystems respond in complex
ays to multiple concurrent human pressures and their in-

erventions, and these changes interact with natural drivers
f ecosystem conditions and structure to modify ecosystems
Vaughan et al. 2001 , Gilby et al. 2020 , Brown et al. 2023 ).
ariation in monitoring metrics between events or environ-
ental management units (e.g. rivers, catchments, distinct ge-
graphical features) could therefore be caused by changes in
he intensity and/or type of human impacts and management
nterventions, or might vary due to variation in ecosystem at-
ributes that are not managed directly (e.g. weather, climate,
pecies pools, impacts from outside the region). Disentangling
hese effects is crucial in ensuring that monitoring accurately
uantifies change, more fairly compares values between man-
gement units, and allows management to respond effectively
ccording to achievable targets. 
The Author(s) 2024. Published by Oxford University Press on behalf of Interna
rticle distributed under the terms of the Creative Commons Attribution License 
euse, distribution, and reproduction in any medium, provided the original work 
Animal abundance and diversity are often highly desired
ndicators or surrogates in ecological monitoring programs
Sato et al. 2019 , Wang et al. 2021 ) due to their effective-
ess in meeting multiple goals of ecological monitoring and
anagement (Hunter et al. 2016 , Gilby et al. 2017 ). For ex-

mple, the abundance and/or diversity of animals is often an
ntegrated measure of multiple anthropogenic impacts across
pace and time (e.g. Gilby et al. 2017 ) and can be closely tied to
ey ecosystem services, ecological functions, and/or resilience
e.g. Henderson et al. 2020 , Mosman et al. 2023 ). Species cho-
en for monitoring programs are often iconic or linked to key
ecreational activities like fishing or birdwatching (Hunter et
l. 2016 ), and so are excellent for engaging stakeholders in
inking their own experiences to impacts (Jepson and Barua
015 ). Given these broad benefits, several authors have ar-
ued for the broader inclusion of animal indicators in mon-
toring (e.g. Cross et al. 2019 ). There are, however, several
ey challenges to incorporating animal indicators into long-
erm monitoring programs. Animal populations can vary spa-
ially and temporally, and reasons for this change might not be
ell known in some cases. This makes connecting population
tional Council for the Exploration of the Sea. This is an Open Access 
( https:// creativecommons.org/ licenses/ by/ 4.0/ ), which permits unrestricted 
is properly cited. 
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variations to key impacts or management objectives difficult 
(Bal et al. 2018 ). Disentangling patterns of change in animal 
populations that are useful for ecological monitoring is there- 
fore predicated on good ecological information on the pres- 
sures and drivers of their populations across both space and 

time. 
Environmental agencies often use report cards to commu- 

nicate the results of monitoring to stakeholders and the public 
(Harwell et al. 1999 , McIntosh et al. 2019 , Logan et al. 2020 ).
These might, for example, compare conditions or attributes 
of management units by ranking sites relative to a baseline 
or target value with a percentage or “A to E” style grading 
(Connolly et al. 2013 , Logan et al. 2020 ). Monitoring can also 

benchmark against reference conditions. However, these are 
often reliant on expert knowledge, can lack quantitative rigor,
and/or be affected by shifting baselines (Duarte et al. 2009 ,
Higgs and Jackson 2017 ). Identifying low-impact and appro- 
priately comparable reference sites can be challenging in the 
often impacted and urbanized landscapes where these pro- 
grams are employed (Jenkins and Bedford 1973 , Likens 2007 ).
Simply comparing the abundance or diversity of animals be- 
tween management units and using this to create grades does 
not always elicit fair comparisons or provide useful direction 

for managing biodiversity. For example, the extent and con- 
nectivity of key ecosystems might differ naturally between 

management units, resulting in a naturally lower abundance 
of an indicator species in one area than another (Gilby et al.
2017 ). Management actions implemented to improve metrics 
in lower-ranked management units may therefore be less 
likely to succeed simply due to natural conditions, resulting 
in wasted effort and resources. Building statistical models 
that incorporate an understanding of key natural drivers of 
monitoring metrics that elicits fairer comparisons between 

management units is therefore crucial (Hallett et al. 2016 ). 
A potential approach to overcome grading issues due to 

natural variation between management units is to grade sites 
or management units relative to a predicted value calculated 

using variables that explain the spatial or temporal patterns 
of monitoring metrics across a region. This approach initially 
requires statistical modeling that identifies a suite of variables 
that are both meaningful to management and that explain 

variability in monitoring metrics within and between man- 
agement units and between monitoring events. Models can 

then be used to calculate the value that a site or region should 

have for a given monitoring metric based on broader patterns 
across the region and over longer periods of time. Gradings 
can then be applied to resulting scores based on predeter- 
mined criteria (Logan et al. 2020 ). This approach improves 
report card grades because predicted values account for the 
full suite of potential variables affecting monitoring met- 
rics, thereby eliciting fairer comparisons across management 
units. 

Expanding human impacts in the coastal zone affects 
coastal ecosystem extent, condition, and connectivity and re- 
duces the value of coastal ecosystem services (Halpern et al.
2019 , He and Silliman 2019 ). These changes can also have 
significant implications for coastal water quality (De’ath et 
al. 2012 , McGrane 2016 ), and coastal water quality gradi- 
ents can correspond to changes in key ecosystem attributes 
(Fabricius et al. 2005 , Yabsley et al. 2020 ). Ongoing moni- 
toring of cheap and easily quantified abiotic ecosystem fea- 
tures (e.g. pH, salinity, pollutant load, turbidity) is common 

in coastal ecosystems, and this monitoring is increasingly 
ncorporated into publicly released report cards targeted at 
he general public and key stakeholders (Connolly et al. 2013 ,

cIntosh et al. 2019 ). The extent and condition of key coastal
cosystems that are affected by human impacts is also a com-
on monitoring target (e.g. McIntosh et al. 2019 , Healthy
and and Water 2021 ). Changes in animal assemblages have
een shown in many settings to be an effective monitoring
arget that can scale the conditions and services of coastal
cosystems (Whitfield and Elliott 2002 , Gilby et al. 2017 ).

hile fairly common in other aquatic settings (e.g. in fresh-
ater systems; Hawkins 2006 , Cooper et al. 2018 ), and in-

reasingly common in the coastal zone, incorporating ani- 
al metrics into routine monitoring is challenged by per- 

eived, and often unquantified, stochastic variability, and chal- 
enges in large-scale sampling (Connolly et al. 2013 , Ditria et
l. 2020 , 2022 , Healthy Land and Water 2021 , Knudsen et
l. 2022 ). Consequently, there remain significant challenges 
n many systems in extending monitoring from a focus on
hysico-chemical metrics to biological monitoring, including 
stablishing spatio-temporal patterns in animal assemblages 
nd their drivers, and clearly linking patterns to management 
nterventions. 

Fish assemblages are highly desirable targets for coastal 
onitoring programs because they change significantly in di- 

ersity and abundance in response to human impacts and 

anagement interventions (Whitfield and Elliott 2002 , Gilby 
t al. 2017 , Goodridge Gaines et al. 2022 ), and support several
rucial ecological functions (e.g. Henderson et al. 2020 ) and
cosystem services (including fisheries) (Kritzer et al. 2016 ).
t is well established that coastal fish assemblages respond 

ver multiple spatial scales to the size, connectivity, and po-
ition of key coastal ecosystems (such as seagrass, reefs, man-
roves, and saltmarsh) (Olds et al. 2018 ), and vary both spa-
ially and temporally according to weather events and vari-
ble water quality (Fabricius et al. 2005 , Yabsley et al. 2020 ).
hese responses often vary between ecosystems and species 

Gilby et al. 2018 , Goodridge Gaines et al. 2022 ). However,
he number of coastal monitoring programs that incorpo- 
ate fish metrics into ongoing reporting is disproportionately 
ow compared to other aquatic ecosystems (Hawkins 2006 ,
onnolly et al. 2013 ). Using predicted versus observed mod-
ls to quantify how fish assemblages change over time might
egate challenges around spatial and temporal variability, in- 
luding effects of different ecosystems, varying water quality,
nd seascape connectivity (Hunter et al. 2016 , Gilby et al.
017 ). 
In this study, we surveyed fish assemblages in 13 estuaries

n southeast Queensland, Australia, over 3 years to test the
fficacy of predicted versus observed models for monitoring 
nd grading estuaries for public report cards. A crucial pre-
ictor of the success of ongoing monitoring programs is the
arly establishment of appropriate research questions for the 
onitoring objectives (Lindenmayer et al. 2022 ). Therefore,

he question that this monitoring framework seeks to answer
s whether fish assemblages in estuaries in southeast Queens- 
and (as quantified by biodiversity measures and the abun- 
ance of key indicator species) are in better or worse environ-
ental conditions, on average, than what would be predicted 

iven region-wide patterns, and whether these patterns vary 
etween estuaries and over time. The protocols used in this
tudy have the potential to be used in a diversity of situations
here animal metrics are a desirable feature of monitoring 
rograms. 



1990 Gilby et al. 

Figure 1. Map of (a) the study region and focal estuaries and their catchments in southeast Queensland, Australia, and (b, c) two exemplar estuaries 
illustrating the distribution of sites within estuaries. 
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ethods 

tudy region and estuaries 

e quantified fish assemblages in 13 estuaries in southeast
ueensland, Australia ( Figs 1 –2 a), where a comprehensive
cosystem health monitoring program has run since 1999
nder a partnership program between state and local govern-
ents, water utilities, and the natural resource management
ody Healthy Land and Water. Monitoring data are consol-
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Figure 2. Conceptual diagram of the methods undertaken to establish useful metrics and grading approaches for fish in estuaries. (a) to (g) refer to the 
individual steps required for developing grades. 
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idated into an annual report card, which elicits significant 
stakeholder and public interest (Healthy Land and Water 
2021 ). Estuarine fish assemblages are not currently included 

as indicators in the program, but stakeholders have recently 
expressed interest in including these metrics. The estuaries 
surveyed in this study include one from each reporting and lo- 
cal government area in the region to match with requirements 
for the broader monitoring program. 

Six coastal ecosystems were surveyed in each estuary: 
mangrove forests, seagrass meadows, salt marshes, rocky out- 
crops, log snags, and bare sediment. These ecosystems were 
selected as they are (i) common attributes of the estuarine 
seascapes of the region, (ii) often subject to targeted man- 
agement, including ecological restoration, and (iii) shown in 

previous studies, both within the study region (e.g. Goodridge 
Gaines et al. 2022 ) and beyond (e.g. Gedan et al. 2009 ), to be 
affected by the frequency and intensity of human impacts at 
multiple spatial scales. Up to 10 sites of each ecosystem were 
positioned as evenly as possible from the estuary mouth to 

the upstream limit of tidal influence, and therefore estuarine 
water quality monitoring stations, in each system ( Table S1 ).
ites were positioned at least 50 m apart to reduce spatial
nterdependence; however, distances between sites were 
ypically much larger ( Table S2 ). This rule determined the
umber of replicates of some ecosystems in some estuaries.
or example, in a hypothetical estuary where only a single,
mall ( < 50 m long) patch of seagrass is present, then only
ne seagrass site could be surveyed in this estuary. 

ish survey methods 

e used 30 min deployments of remote underwater video 

tations (RUVS) to survey fish assemblages at each site.
UVS are constructed of a GoPro 8 camera recording in
igh definition (1080p), fixed to a 3 kg weight, and buoyed
t the surface so that rope does not enter the video’s field
f view. RUVS were only deployed when water clarity was
 1.5 m (determined when lowering the camera into the
ater), thereby controlling for effects of visibility on fish 

urveys. When RUVS were placed in structured ecosystems 
i.e. rocky outcrops, log snags, mangrove forests, and seagrass
eadows), the video field of view was angled obliquely along

https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
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he edge of the ecosystem, thereby preventing the habitat
tself (e.g. mangrove pneumatophores, seagrass blades) from
bscuring the camera field of view. 
RUVS were deployed sequentially upstream, starting with

eployments at the estuary mouth, and moving upstream
ith the ingress of the tide. Up to 12 RUVS were deployed

oncurrently, meaning that adjacent sites were typically sur-
eyed within the same 30 min window. This further enhances
he spatial independence of our sites by maximizing the like-
ihood that no two fish are surveyed more than once per year.
urveys were repeated at the same sites in the austral winter
f 2020, 2021, and 2022. The exception was for some log
nag sites, with log snags either degrading or being washed
way between years. In these instances, sites were replaced
n subsequent surveys by new sites in similar environmental
ontexts. Winter was selected to coincide with periods of
aximum water clarity within the region, and to avoid times
hen significant rainfall in the surrounding catchment might
ecome the overwhelming driver of fish distributions. This
esign resulted in > 1800 replicates being surveyed across
ll years of the study ( Table S1 ). Fish assemblages were
uantified from videos using the standard MaxN metric, the
aximum number of each species observed in any single

ideo frame at each site. 

nvironmental variables 

revious studies in this region have established seascape posi-
ioning and connectivity as a key driver of the structure of es-
uarine fish assemblages (Gilby et al. 2018 , Goodridge Gaines
t al. 2022 ). Consequently, we included several seascape vari-
bles in our analyses ( Table S3 A, Fig. 2 b). This included met-
ics quantifying the distance to and area of mangroves, sea-
rass, and saltmarsh in buffers around each site. Finally, we
ncluded the metric of distance from the site to the estuary
outh, given the consistent effect this variable has had in pre-

ious studies within the region (Jones et al. 2020 , Goodridge
aines et al. 2022 ). 
We sourced water quality data from the local waterways
onitoring program (Healthy Land and Water 2021 ); these
ata would be used to quantify effects on fish should coastal
sh metrics be incorporated into the local monitoring pro-
ram ( Fig. 2 b). While the monitoring program samples a range
f water quality metrics, only a subset is used in the resulting
eport card: chlorophyll a (Chl a ), total nitrogen (TN), and to-
al phosphorus (TP) concentrations, as well as dissolved oxy-
en saturation and turbidity (in nephelometric turbidity units,
TU). Of these, we chose to evaluate only Chl a , dissolved
xygen saturation, and turbidity in our analyses (as detailed
n Table S3 B), as fish do not respond directly to the concentra-
ion of nitrogen or phosphorous in the water column, and TN
nd TP correlate with Chl a in several estuaries. Water quality
s quantified for each system in standardized monthly surveys
e.g. sampled at the same tidal states, controlling for rainfall
atterns), interpolated across the entire estuary, and then com-
ined into annual medians into the report card. Therefore, we

ncluded both these annual medians as well as values for the
onth of sampling in statistical models. 
Covariance between environmental variables was tested

sing Pearson’s R coefficients in the R statistical framework
R Core Team 2024 ). We identified several variables from our
nitial list, which covaried with Pearson’s correlation coeffi-
ients either > 0.6 or < -0.6. This resulted in some variables
eing removed from the final analysis based on (i) the number
f variables with which a particular variable covaried and (ii)
he strength of the underlying hypothesis for each variable
see Table S3 ). 

tatistical analyses—identifying indicator species 

nd metrics 

s reporting occurs annually for these estuaries, and be-
ause previous studies have shown that fish assemblages can
iffer between estuaries and ecosystems (Gilby et al. 2018 ,
oodridge Gaines et al. 2022 ), we were interested in identify-

ng species abundances and fish assemblage metrics that best
xplained patterns between estuaries, and whether these dif-
erences persisted across years and/or ecosystems. To do this,
e ran separate analyses on the fish assemblage data, and on

hree key fish assemblage metrics. 
First, we ran a multivariate generalized linear model

ManyGLM) in the mvabund package (Wang et al. 2012 )
f R to quantify patterns in the assemblage data (i.e. a ma-
rix of species MaxN by sites) across the variables of year
3 levels: 2020, 2021, and 2022), estuary (13 levels; 13 in-
luded estuaries), and ecosystem (6 levels: bare sediments,
angroves, seagrass, saltmarsh, rocky outcrop, and log snag)

 Fig. 2 c). The ManyGLM was calculated using a negative bi-
omial family and the best-fit model was identified using re-
erse stepwise simplification on Akaike’s information crite-
ion (AIC). ManyGLM also identifies species whose abun-
ance and prevalence correlate significantly with the best-fit
odel; these species are considered indicator species in this

tudy. Statistical significance of variables in the best-fit mod-
ls was tested using analysis of variance on the chi squared
est statistic (i.e. χ2 ). This approach has advantages over sim-
lar approaches (e.g. PERMANOVA) as indicator species are
elected as part of the model selection process with associated
tatistical tests. The pairwise comparisons were conducted
etween resulting significant terms using the pairwise.comp
ommand, and potential indicator species were identified us-
ng the p.uni command in manyglm.anova . Because the po-
ential functional effects of impacts and management inter-
entions are also a focus of monitoring, all fish species were
ategorized into functional groups according to the feeding
ode functional group categorization in Elliott et al. (2007) .

pecies were considered as indicator species for overall pat-
erns if they (i) varied significantly in abundance between es-
uaries, and either ecosystems or years (thereby demonstrating
trong spatiotemporal variation in response to environmental
onditions) and (ii) were the most abundant species within
ach functional group to have this pattern. 

Second, we quantified the effects of the same model struc-
ure as the above ManyGLM (i.e. year × estuary × ecosys-
em) on the compound metrics of fish species richness (be-
ng the number of unique species identified at each site), to-
al fish abundance (being the sum of the MaxN values for all
pecies identified at each site), and fishery important fish abun-
ance (being the sum of MaxN values of species harvested
ithin this region at each site, identified from recent com-
ercial (Queensland Department of Agriculture and Fisheries
024 ) and recreational (Webley et al. 2020 ) fishing reports)
sing generalized linear models (GLMs) in R. GLMs were
alculated with Poisson error distributions. As with the in-
icator species, fish assemblage compound metrics were con-
idered appropriate for this study if they varied significantly

https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
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between estuaries, and either ecosystems or years. After iden- 
tifying the list of indicator species and metrics, we determined 

whether these covaried using Pearson’s R coefficients in R . 

Statistical analysis—spatio-temporal patterns in 

fish assemblages 

We quantified correlations between the final suite of environ- 
mental variables (per Table S3 ) and the final list of indicator 
species and metrics using generalized additive mixed models 
(GAMMs) in the mgcv package (Wood 2022 ) of R ( Fig. 2 d).
GAMMs were preferred for this analysis given the likelihood 

of non-linear effects. GAMMs included the terms of all en- 
vironmental variables listed in Table S3 (i.e. those that did 

not co-vary with other variables) smoothed using thin plate 
regression splines (limited to k = 3 to reduce model overfit- 
ting) and modeled separately for each ecosystem (using the 
by function in s ). GAMMs also included the random vari- 
ables of estuary (13 levels) and year (3 levels), and a fixed 

factor of ecosystem (6 levels) (coded per Wood 2006 ). Year 
and estuary were modeled as random variables because re- 
sulting models could be applicable to any estuary within the 
region, to account for the fact that the same sites were sur- 
veyed over multiple years, and to make models generalizable 
to future years. Ecosystem was modeled as a fixed variable be- 
cause these are the six focal ecosystems within the region, it 
is well established that patterns in fish assemblages differ fun- 
damentally between ecosystems, and each ecosystem requires 
different management interventions. All GAMMs were calcu- 
lated using Poisson error distributions, except for yellowfin 

bream Acanthopagrus australis abundance, for which Tweedie 
error distributions resulted in a better model fit. Optimal dis- 
tributions were chosen for each model via visual inspection 

of the assumptions plots using the g am.c hec k command on 

the best-fit model in mgcv . Best-fit GAMMs were identified 

using multimodel inference (using the dredge function) in the 
MuMIn package (Barton 2018 ). Here, a suite of models was 
built comprising year, estuary, and ecosystem, and all possi- 
ble combinations of three environmental variables or fewer.
The best-fit model was the model with the lowest Akaike’s In- 
formation Criterion (AIC) value. Relative variable importance 
( I ) was calculated as the sum of weighted AIC values for each 

model in which a variable was included, with values nearer to 

1 indicating a strong influence of the variable on overall pat- 
terns, and values of 0 indicating no effect on the dependent 
variable. All best-fit models were checked for spatial autocor- 
relation using Moran’s I using the ape package (Paradis and 

Schliep 2019 ) and for GAMM concurvity and model assump- 
tions using the in-built capacity of mgcv , with no effects found.

Grading schemes 

Predicted values for sites were calculated for each indicator 
species and metric based on the best-fit GAMMs and using the 
raw environmental metrics for each site (using predict.gam in 

mgcv , Fig. 2 e). This calculates the value that indicator met- 
rics should take, on average, given the environmental condi- 
tions at that site in each year. We then calculated the difference 
between the predicted values and the observed value of each 

metric at each site, with negative numbers indicating values 
lower than predicted and positive numbers indicating values 
higher than predicted. 

Two criteria were considered in determining the effective- 
ness of grading schemes to convert differences in predicted and 
bserved values in communicating changes over time and be- 
ween management units. First, values should allow for clear 
omparisons between estuaries and years but should not vary
oo greatly such that gradings fluctuate either too wildly or too
ittle between years within estuaries. Both very high and very
ow levels of variation, especially temporally, is not desirable 
ecause (i) it is an indication that stochastic environmental 
vents and/or random variation in fish assemblages is the pre-
ominant driver of changes in grades and (ii) stakeholder trust
n the monitoring or grading framework might wane if values
uctuate too widely. Second, gradings need to make sense eco-
ogically and for communication purposes, and patterns need 

o be readily understood scientifically. 
We used six methods for converting the difference between 

he predicted and observed values into scores for estuaries 
 Fig. 2 f): the grade point average, confidence intervals, per-
entage, percentage agreement, mean difference, and median 

ifference approaches ( Fig. 3 ). 
For the grade point average approach ( Fig. 3 a), we con-

idered the predicted value to be equivalent to a 50% score
or that site, while observed zero values corresponded to a
% score. Sites with a score of 100% are those with at least
wice the predicted value. Percentage scores were then con- 
erted to grades A–E based on where the observed values
it relative to the predicted score, and then allocated a num-
er accordingly, with A receiving 5 points, B scoring 4, and
o on. Overall scores are then calculated by taking an aver-
ge of these numbers for individual estuaries for ecosystems 
nd years. 

For the confidence interval approach ( Fig. 3 b), model confi-
ence intervals were used to score sites. Observed values that
ell within the confidence bounds of the model were scored a
. D was scored for sites in the top 50% of values below confi-
ence intervals, and E was scored for sites in the bottom 50%
f values below confidence intervals. Finally, B was scored for
ny sites with between 0.5 and 1.5 confidence intervals above
he predicted scores, and A was scored for any sites with 1.5
onfidence intervals or above the predicted score. Numbers 
re then allocated to these scores as per the grade point av-
rage approach above, with overall scores then calculated by 
aking an average of these numbers for individual estuaries for
cosystems and years. 

The percentage approach ( Fig. 3 c) calculates each site with
 percentage of the observed value relative to the predicted
alue. Therefore, a site with an observed value that was ex-
ctly as predicted would score 100%, a site with an observed
alue of 0 would score 0, and a site with twice the predicted
alue would score 200%. Overall scores are then calculated 

y taking an average of these percentage values for individual
stuaries for ecosystems and years. 

The percentage agreement approach ( Fig. 3 d) calculates 
he percentage of sites within each estuary in each year that
chieved observed values above the predicted values. 

For the median and average differences approaches ( Fig.
 f), the difference between predicted and observed values was
alculated for every site, with values being the median (for
edian approach) and mean (for average approach) values 

or individual estuaries for ecosystems and years. 
To allow fair comparisons ( Fig. 2 g) between different grad-

ng approaches, which are calculated on different scales, we 
tandardized standard deviations to a proportion of the mean 

alues for all estuary and year combinations, and for within
ndividual years only. 

https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
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Figure 3. Conceptual diagrams of the six grading schemes used in this study to con v ert predicted and observed values into meaningful data that can be 
used in monitoring programs, illustrating (a) grade point a v erage, (b) confidence interval, (c) percentage, (d) percentage agreement and (e) mean and 
median difference approaches. 
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Table 1. List of indicator fish species for estuarine fish monitoring in southeast Queensland between 2020 and 2022, grouped by functional group, their 
relative abundance and prevalence across all replicates, and the variables with which they varied in ManyGLM analyses. 

Common name Species 
Percentage of 

total abundance 
Mean abundance 

(SD) 
% of 
sites Varies significantly between 

Detritivore 
Sea mullet Mugil cephalus 4.82 0.73 (3.01) 14.79 Estuaries and years 
Spotted scat Scatophagus argus 0.27 0.04 (0.47) 1.49 Ecosystems 

Herbivore 
Luderick Girella tricuspidata 0.66 0.1 (0.64) 5.24 Estuaries and ecosystems 
Fineline surgeon Acanthurus grammoptilus 0.14 0.02 (0.27) 0.99 Estuaries, ecosystems, and years 

Omnivore 
Striped grunter Helotes sexlineatus 0.22 0.03 (0.33) 1.77 Estuaries and ecosystems 
Stripey Microcanthus strigatus 0.14 0.02 (0.25) 1.05 Ecosystems 
Crested morwong Goniistius vestitus 0.07 0.01 (0.13) 0.72 Estuaries and ecosystems 
Pacific blue eye Pseudomugil signifer 0.19 0.03 (0.6) 0.61 Estuaries 

Piscivore 
Moses perch Lutjanus russelli 0.51 0.08 (0.54) 3.81 Estuaries and ecosystems 
Mangrove jack Lutjanus 

argentimaculatus 
0.22 0.03 (0.24) 2.32 Estuaries and ecosystems 

Bigeye trevally Caranx sexfasciatus 0.42 0.06 (1.41) 0.99 Estuaries and ecosystems 
Longnose trevally Carang oides c hrysophrys 0.16 0.02 (0.51) 0.61 Estuaries 

Zoobenthivore 
Yellowfin bream Acanthopagrus australis 13.33 2.03 (7.2) 44.70 Estuaries, ecosystems, and years 
Common biddy Gerres subfasciatus 5.27 0.8 (3.17) 20.36 Estuaries and ecosystems 
Sand whiting Sillago cilliata 0.83 0.13 (1.07) 4.69 Estuaries and ecosystems 
Gobidae spp. Gobidae spp. 0.50 0.08 (0.45) 4.30 Estuaries 
Common toadfish Tetractenos hamiltoni 0.30 0.05 (0.23) 4.25 Estuaries and years 
Blue catfish Neoarius graeffei 0.20 0.03 (0.34) 1.88 Estuaries 
Blennidae spp. Blennidae spp. 0.11 0.02 (0.16) 1.27 Estuaries and ecosystems 
Estuary stingray Hemitrygon fluviorum 0.08 0.01 (0.12) 1.10 Estuaries 
Gold lined whiting Sillago analis 0.12 0.02 (0.24) 0.94 Estuaries 
Weeping toadfish Torquigener 

pleurogramma 
0.08 0.01 (0.13) 0.94 Estuaries 

Bluespot maskray Neotrygon australiae 0.05 0.01 (0.1) 0.66 Estuaries 
Banded toadfish Marilyna pleurosticta 0.04 0.01 (0.08) 0.61 Estuaries and years 

Zooplanktivore 
Estuary perchlet Ambassis marianus 37.25 5.67 (26.37) 14.68 Estuaries, ecosystems, and years 
Southern herring Her klotsic hthys 

castelnaui 
7.55 1.15 (10.45) 4.58 Estuaries 

Hardyhead Atherinomorus vaigiensis 7.13 1.09 (9.85) 3.09 Estuaries and ecosystems 
Diamondfish Monodactylus argenteus 1.74 0.26 (3.25) 2.54 Estuaries 
Australian smelt Retropinna semoni 2.79 0.42 (6.44) 1.10 Estuaries 

Species in bold were those chosen as final indicator species. 

 

 

c
a  

c  

(

i
t
(  

s  

g  

t  

i  

f  

t
s
a

c
a  

D
ow

nloaded from
 https://academ

ic.oup.com
/icesjm

s/article/81/10/1988/7816967 by guest on 23 D
ecem

ber 2024
Results 

Identifying indicator species and metrics 

We identified significant main effects of year (Dev = 281,
P < .01), ecosystem (Dev = 1246, P < .01), and estuary 
(Dev = 2604, P < .01) on the structure of fish assemblages 
across all sites using the ManyGLM. Pairwise analyses indi- 
cated significant differences in assemblage structure between 

all ecosystems (observed statistic > 94.79, P = .005) and years 
(observed statistic > 179.9, P = .005). All estuaries had signif- 
icantly different assemblages to each other (observed statistic 
> 73.48, P = .005), except for the Brisbane, Logan, and Al- 
bert rivers, which did not differ (observed statistic < 31.34,
P > .55). 

We identified 29 species from 6 feeding functional groups 
that correlated with one or more of the significant variables 
from the ManyGLM ( Table 1 ). Sea mullet Mugil cephalus 
abundance varied significantly between estuaries and years 
and was the most abundant and prevalent detritivore in our 
dataset, and so was chosen as the detritivore indicator species 
for further analyses ( Table 1 ). 
H
Luderick Girella tricuspidata abundance varied signifi- 
antly between estuaries and ecosystems and was the most 
bundant and prevalent herbivore in our dataset, and so was
hosen as the herbivore indicator species for further analyses
 Table 1 ). 

Eastern striped grunter Helotes sexlineatus abundance var- 
ed significantly between estuaries and ecosystems and was 
he most abundant and prevalent omnivore in our dataset 
 Table 1 ). However, 83.3% of their abundance was found in
eagrass meadows alone; the species did not occur at man-
roves or salt marshes, and they occurred only twice and seven
imes at log snag and rocky structure sites, respectively, result-
ng in models not being possible for these ecosystems. There-
ore, this species was not considered to be a good indica-
or of overall patterns. No other omnivores fulfilled indicator 
election criteria, and so none were included in subsequent 
nalyses. 

Moses perch Lutjanus russelli abundance differed signifi- 
antly between estuaries and ecosystems, and was the most 
bundant and prevalent piscivore in our dataset ( Table 1 ).
owever, moses perch only occurred at one seagrass and 
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altmarsh site, and three bare sediment sites, thereby making
odels at these ecosystems unreliable. Therefore, subsequent
odels for moses perch were conducted only at log snags,
angroves, and rocky structures. 
Yellowfin bream Acanthopagrus australis abundance var-

ed significantly between estuaries, ecosystems, and years and
as the most abundant and prevalent zoobenthivore in our
ataset, and so was chosen as the zoobenthivore indicator
pecies for further analyses ( Table 1 ). 

Finally, estuary perchlet Ambassis marianus abundance var-
ed significantly between estuaries, ecosystems, and years, and
as the most abundant and prevalent zooplanktivore in our
ataset ( Table 1 ). However, estuary perchlet only occurred
t six bare sediment sites, thereby making models at this
cosystem unreliable. Therefore, subsequent models for estu-
ry perchlets were conducted only at mangroves, saltmarsh,
og snags, seagrass, and rocky structures. 

Patterns in fish assemblage species richness (Dev = 251.1,
 < .001, Fig. S1 ), total abundance (Dev = 4383, P < .001,
ig. S2 ), and fishery important fish abundance (Dev = 951,
 < .001, Fig. S3 ) were best explained by the three-way inter-
ction of estuary, ecosystem, and year, thereby indicating sig-
ificant spatial and temporal changes in all three metrics. Es-
uary perchlet abundance correlated significantly and strongly
ith fish abundance ( r = 0.78, P < .001) and yellowfin bream

bundance correlated significantly and strongly with fishery
mportant fish abundance ( r = 0.8, P < .001). Given that these
ompound metrics were being significantly weighted by the
bundance of single species, and we separately analyzed the
bundance of these species, we chose not to further analyze
atterns in total fish abundance or fishery important fish abun-
ance. Therefore, fish species richness, and the abundance of
ea mullet, luderick, yellowfin bream, moses perch, and estu-
ry perchlet were the focus of further analyses. 

patio-temporal patterns in indicator species and 

etrics 

pecies richness differed significantly between ecosystems, and
patial patterns were best explained by the area of mangroves
ear each site, and the annual median turbidity and DO sat-
ration at sites ( Table 2 ). Turbidity median was the most im-
ortant variable ( I = 1), followed by DO saturation median
 I = 0.78) and mangrove area ( I = 0.55). The random vari-
bles of estuary and year also had a significant effect on the
odel fit ( Table 2 ). Species richness on log snags was highest

t sites with lowest turbidity ( Fig. S4 ). Species richness at man-
roves and seagrass was highest at sites with lowest turbidity
nd dissolved oxygen saturation. Species richness at bare sed-
ment sites was highest at low and high dissolved oxygen sat-
ration, and at sites with > 100 000 m 

2 of mangroves within
00 m. Finally, species richness on rocky structure was highest
t sites with lowest turbidity and largest areas of mangroves
 Fig. S4 ). No other terms in the best-fit model significantly ex-
lained patterns. 
Sea mullet abundance differed significantly between ecosys-

ems, and spatial patterns were best explained by the distance
f sites to mangroves, the area of mangroves near each site,
nd the annual median DO saturation at sites ( Table 2 ). All
hree variables in the best-fit models were equally important
 I = 1). The random variables of estuary and year also had a
ignificant effect on the model fit ( Table 2 ). Sea mullet abun-
ance on log snags was highest at sites with lowest median
O saturation, at sites between 100 and 1000 m from ad-
acent mangroves, and at sites with > 100 000 m 

2 of man-
roves nearby ( Fig. S5 ). Sea mullet abundance at mangroves
as highest at sites with lowest median DO saturation and
ith greatest area of mangroves nearby. Sea mullet abundance
n rocky structures was highest at sites with lowest DO sat-
ration median and at sites between 100 and 1000 m from
djacent mangroves. Sea mullet abundance at saltmarshes was
ighest at sites with lowest DO saturation median, and at sites
urthest from mangroves but with largest extent of mangroves
earby. Sea mullet abundance in seagrass was highest at sites
ith greatest median DO saturation, and furthest from man-

roves but with greatest extent of mangroves nearby . Finally ,
ea mullet abundance at bare sediment sites was highest at
ites with low and high median DO saturation and at sites
ith up to 200 000 m 

2 of mangroves nearby ( Fig. S5 ). No
ther terms in the best-fit model significantly explained pat-
erns. 

Luderick abundance differed significantly between ecosys-
ems, and spatial patterns were best explained by the distance
f sites to the estuary mouth, the area of mangroves near each
ite, and the annual median DO at sites ( Table 2 ). DO median
as the most important variable ( I = 1), followed by man-

rove area ( I = 0.99) and distance to estuary mouth ( I = 0.98).
he random variables of estuary and year also had a signifi-
ant effect on the model fit ( Table 2 ). Luderick abundance on
are sediments was highest at sites furthest from the estuary
outh, with > 200 000 m 

2 of mangroves nearby, and with
reatest median DO saturation ( Fig. S6 ). Luderick abundance
n log snags was highest at sites nearest to the estuary mouth
nd at sites with < 200 000 m 

2 of mangroves nearby. Luder-
ck abundance in seagrass was highest at sites up to 5000 m
rom the estuary mouth, with greatest extent of mangroves
earby, and with lowest median DO saturation. Finally, luder-
ck abundance on rocky structures was highest at sites nearer
o the estuary mouth ( Fig. S6 ). No other terms in the best-fit
odel significantly explained patterns. 
Patterns in moses perch abundance were best explained by

he distance of sites to the mangroves, and the annual median
O and Chl a at sites ( Table 2 ). Distance to mangroves and
O median were equally important variables ( I = 1), followed
y Chl a median (0.97). The random variables of estuary and
ear also had a significant effect on the model fit ( Table 2 ).
oses perch abundance on log snags was highest at sites with

reatest median DO saturation and up to 100 m from man-
roves ( Fig. S7 ). Moses perch abundance in mangroves was
ighest at sites with highest median DO saturation and highest
edian Chl a concentration. Finally, moses perch abundance
n rocky structures was highest at sites with greatest median
O saturation and median Chl a concentration up to 5 μg/l

 Fig. S7 ). No other terms in the best-fit model significantly ex-
lained patterns. 
Yellowfin bream abundance differed significantly between

cosystems, and spatial patterns were best explained by the
istance of sites to the estuary mouth, and the annual median
urbidity and Chl a at sites ( Table 2 ). Chl a median was the
ost important variable ( I = 0.98), followed by turbidity me-
ian ( I = 0.96) and distance to estuary mouth ( I = 0.46). The
andom variables of estuary and year also had a significant ef-
ect on the model fit ( T able 2 ). Y ellowfin bream abundance on
are sediments was highest at sites with greatest turbidity and
etween 1000 and 10 000 m from the estuary mouth ( Fig. S8 ).
ellowfin bream abundance on log snags was highest at sites

https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
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ith > 5 μg/l median Chl a concentration and lowest turbidity
edian. Yellowfin bream abundance on saltmarsh was highest

t sites with < 4 μg/l median Chl a concentration. Finally, yel-
owfin bream abundance in seagrass was highest at sites with
reatest median Chl a concentrations ( Fig. S8 ). No other terms
n the best-fit model significantly explained patterns. 

Estuary perchlet abundance differed significantly between
cosystems, and spatial patterns were best explained by the
rea of mangroves near each site, and the annual median Chl a
nd DO at sites ( Table 2 ). All three variables in the best-fit
odels were equally important ( I = 1). The random variables
f estuary and year also had a significant effect on the model fit
 Table 2 ). Estuary perchlet abundance on log snags was high-
st at sites with lowest extent of mangroves nearby, and great-
st median DO saturation and Chl a concentration ( Fig. S9 ).
stuary perchlet abundance in mangroves was highest at sites
ith between 200 000 and 300 000 m 

2 of mangroves nearby,
nd greatest median DO saturation and Chl a concentration.
stuary perchlet abundance at saltmarsh was highest at sites
ith between 200 000 and 300 000 m 

2 of mangroves nearby,
reatest median DO saturation, and between 4 and 6 μg/l me-
ian Chl a concentration. Estuary perchlet abundance in sea-
rass meadows was highest at sites with greatest extent of
angroves nearby, greatest median DO saturation, and be-

ween 4 and 6 μg/l median Chl a concentration. Finally, estuary
erchlet abundance on rocky structures was highest at sites
ith low and high mangrove areas nearby and with > 80%
edian DO saturation ( Fig. S9 ). No other terms in the best-fit
odel significantly explained patterns. 

rading approaches 

ean grade point average values across all sites and all years
ere 1.91, with average values for 2020 being 2.25, 2021 be-

ng 1.81, and 2022 being 1.67 ( Fig. 4 a). Across all gradings,
3.8% of estuary and year pairings were above the overall
ean, with 53.8% in 2020, 61.5% in 2021, and 61.5% in
022. Variance around the mean was between 21% (in 2022)
nd 28% (in 2020) of the mean values for each year. 

Mean confidence interval approach values across all sites
nd years were 1.74, with average values for 2020 being 2,
021 being 1.67, and 2022 being 1.55 ( Fig. 4 b). Across all
radings, 51.8% of estuary and year pairings were above
he overall mean, with 51.8% in 2020, 61.5% in 2021, and
1.5% in 2022. Variance around the mean was between 18%
in 2022) and 25% (in 2020) of the mean values for each year.

Mean percentage approach values across all sites and years
ere 349.7%, with average values for 2020 being 460.13%,
021 being 298.34%, and 2022 being 290.67% ( Fig. 4 c).
cross all gradings, 30.7% of estuary and year pairings were
bove the overall mean, with 38.5% in 2020, 38.5% in 2021,
nd 15.4% in 2022. Variance around the mean was between
6.3% (in 2020) and 144.1% (in 2022) of the mean values
or each year. 

Mean percentage agreement values across all sites and years
ere 22.5%, with average values for 2020 being 31%, 2021
eing 20%, and 2022 being 16.4% ( Fig. 4 d). Across all grad-
ngs, 61.8% of estuary and year pairings were above the over-
ll mean, with 51.2% in 2020, 62.4% in 2021, and 54.1%
n 2022. Variance around the mean was between 51.2% (in
020) and 62.5% (in 2021) of the mean values for each year.
Mean median difference approach values across all sites

nd years were −0.14, with average values for 2020 being
0.03, 2021 being −0.17, and 2022 being −0.21 ( Fig. 4 e).
cross all gradings, 38.4% of estuary and year pairings were
bove the overall mean, with 53.8% in 2020, 46.1% in 2021,
nd 61.5% in 2022. Variance around the mean was between
8.2% (in 2022) and 101.4% (in 2020) of the mean values
or each year. 

Mean average difference approach values across all sites
nd years were 0.94, with average values for 2020 being 1.8,
021 being 1.01, and 2022 being −0.001 ( Fig. 4 e). Across all
radings, 28.2% of estuary and year pairings were above the
verall mean, with 23% in 2020, 30.7% in 2021, and 38.4%
n 2022. Variance around the mean was between 155% (in
022) and 201% (in 2021) of the mean values for each year. 
Some methods showed little variation between monitoring
etrics between years (confidence intervals and grade point

verages), while others varied greatly between years due to
andom fluctuations in fish assemblages (percentage, median
ifference, and average difference approaches), and so were
onsidered poor grading approaches for this data. Similarly,
ome methods also resulted in predominantly and consistently
ow ( ∼1–2 out of 5 for the confidence intervals and grade
oint averages) or negative (median and average difference)
cores. Only the percentage agreement approach bridged these
wo challenges and sat between these two extremes, resulting
n (i) a high detectability of patterns across years due to mod-
rate variation in scores and (ii) greater consistency in the rela-
ive patterns across estuaries across the benchmarking period.

iscussion 

nimals are sought-after ecological indicators because they in-
egrate the effects of stressors and management interventions
ver multiple scales and have broad appeal with stakehold-
rs (Hunter et al. 2016 , Gilby et al. 2017 ). However, several
ey hurdles remain in translating animal assemblage metrics
nto useful indicators for ongoing monitoring programs, in-
luding establishing spatial and temporal drivers, and chal-
enges in simply communicating and comparing indices be-
ween management units. In this study, we show the capac-
ty for predicted values calculated using models explaining
patial and temporal patterns in fish assemblages to be used
o create monitoring grades for fish in estuaries. Six metrics
species richness and the abundance of five fish species) with
redictable spatial and temporal trends were identified as in-
icators of overall patterns. Models therefore corrected for
ross-region effects that naturally modify fish assemblages,
nd so allow for fairer comparisons of indicators between
stuaries and between years. Several methods for converting
redicted and observed values to grades were assessed. The
ercentage agreement approach is best because it showed a
igh detectability of patterns across years that were ecologi-
ally meaningful, and had good consistency in patterns across
stuaries across the benchmarking period that was not signif-
cantly affected by stochastic events. Our findings highlight
he capacity for predicted versus observed metrics to be use-
ul for grading animal assemblages in coastal monitoring pro-
rams. We suggest that the models and frameworks used here
re highly complementary to existing monitoring programs,
hich have a strong physical monitoring focus in aquatic

cosystems (e.g. water quality, habitat condition, and extent),
nd provide added detail to elicit more ecologically relevant
onitoring outcomes. 

https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
https://academic.oup.com/icesjms/article-lookup/doi/10.1093/icesjms/fsae141#supplementary-data
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Figure 4. Results of grading approaches for each estuary and year via the (a) grade point average, (b) confidence interval, (c) percentage, (d) percentage 
agreement, (e) median difference, and (f) a v erage difference approaches. Panels a–c and f ha v e standard errors, while the values for panels d and e 
cannot be calculated with error. 
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A key strength of the approach used in this study is in 

the relative simplicity of the conceptual framework and 

research question underpinning it: Is a site in better or worse 
environmental conditions, on average, than what would 
e predicted given region-wide patterns, and how do these 
atterns vary between estuaries and over time? The models 
sed in this study were built on a pre-existing ecological un-
erstanding of the spatial and temporal drivers of variation 
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n key metrics established in previous studies (e.g. Gilby et
l. 2018 , Jones et al. 2020 , Goodridge Gaines et al. 2022 )
nd principles of predicted and observed metric calculation
n other systems (e.g. Kennard et al. 2007 ). This means that
he variables included in predictive models are linked to (i)
he current understanding of fish ecology and distributions
n the region, (ii) the management interventions that might
e implemented in response to changing grades over time,
nd (iii) existing management triggers within the region. In
his sense, the approach can be readily modified for different
ypes of monitoring metrics and explanatory variables either
s new information becomes available, or as the program
xpands to other focal metrics, estuaries, or ecosystems. 

The patterns established for indicator metrics in this study
atch well with our existing ecological understanding of pat-

erns in these variables. Indeed, in simply establishing these
atterns so thoroughly across the region, management has a
ore thorough understanding of how key environmental vari-

bles modify ecosystem conditions, enabling more effective
esponses. Variance in all indicator metrics was explained sig-
ificantly by a combination of both seascape and water qual-
ty variables and varied across estuaries, and then ecosystems
nd/or years. Greater connectivity with mangroves (via area
nd proximity effects) and greater proximity to the estuary
outh typically resulted in higher fish species richness and

bundance across all ecosystems, likely due to their impor-
ance in providing significant food and nursery resources to
sh (Nagelkerken et al. 2008 ). However, very large extents of
angroves can homogenize seascapes, thereby reducing the
verall value for a variety of fish species (Henderson et al.
021 ), and these threshold effects were evident for a variety
f metrics and ecosystems in this study. Connectivity with the
stuary mouth is crucial for several key reasons. First, prox-
mity to the estuary mouth also correlated significantly with a
ariety of variables that were subsequently left out of the final
odels due to covariance, including the proximity and area
f seagrasses and saltmarshes; variables that have been illus-
rated previously to significantly affect fish assemblage struc-
ure (Gilby et al. 2018 ). Similarly, water conditions around
he estuary mouth are often more consistent over time due to
 greater effect of tides and the ingress of oceanic water, caus-
ng more stable and preferred conditions for many fish species
Gilby et al. 2018 , Jones et al. 2020 ). While models used here
horoughly account for many of the likely drivers of fish as-
emblages across this suite of estuaries, future studies could
ore thoroughly identify and incorporate variables describing
rivers of changes in recruitment and recruitment pulses, sea-
onal changes, and/or offshore and coastal conditions that ef-
ect estuaries, among others. Despite this, accounting for spa-
ial variation and the effects of seascape connectivity is cru-
ial in establishing an accurate understanding of variation in
oastal fish assemblages, a pattern now well understood across
everal regions and systems globally (see review by Olds et
l. 2018 ). Future studies could consider expanding analyses
nto assessing the abundance or presence of meaningful trait,
unctional, and/or taxonomic groups, as this might expand the
nderstanding of how changes relate to the overall function of
he ecosystems and their ecological services (e.g. Hallett et al.
012 , Henderson et al. 2020 , 2024a ). 
Relating change in the physical attributes of ecosystems to

iological attributes and key ecosystem services has been a sig-
ificant challenge for monitoring programs over many years
House 1990 , Keeler et al. 2012 ). This study incorporated
oth short (i.e. month of sampling) and long-term (i.e. an-
ual median values) water quality metrics over multiple sam-
ling events and years in statistical models, with only annual
edian values for DO saturation, Chl a , and turbidity found

o affect fish in this dataset. This finding is beneficial for on-
oing monitoring because these median metrics are the key
alues used in the broader monitoring program and annual
eport card for this region (Healthy Land and Water 2021 ),
nd so their correlation with fish assemblage metrics means
xisting metrics reflect change in biological attributes of fishes
uring winter relatively well. This finding also suggests that
stuarine fish might respond more significantly to the long-
erm effects of water quality within estuaries, as opposed to
eing highly variable in response to changes at a month-to-
onth scale (e.g. Henderson et al. 2024b ). This hypothesis,
owever, requires further testing with data collected through-
ut the year. Recent studies from this region, which have un-
ertaken similar inter- and intra-annual analyses, have indi-
ated strong and persistent effects of monthly water quality
easures (Goodridge Gaines et al. 2024 ). 
Monitoring metrics were mostly higher at sites with greater

nnual median DO saturation. While luderick and sea mul-
et were a key exception to this rule, further exploration of
he DO saturation values in this study indicate that these sites
till had relatively good DO saturation values at > 50%–60%
n most sites. These values are far from levels considered hy-
oxic or any critically low thresholds for estuarine fish (Bre-
tburg et al. 2009 ). These values might also reflect a link be-
ween DO and relative benthic organic matter content, which
ould feasibly affect water column DO, and which might pro-
ide detritivores like sea mullet opportunities for food. There
ere, however, multiple occasions where DO saturation val-
es showed varying effects between ecosystems within each
onitoring metric. This was most pronounced for sea mul-

et, which showed positive, negative, and “U-shaped”relation-
hips with DO saturation across ecosystems. It is unlikely that
hese effects are due to a poor range of DO saturation being
ampled given the extensive range of DO values sampled (as
videnced by x -axis values in plots). It is more likely, therefore,
hat variable patterns between ecosystems with DO saturation
re caused by the effects of some unmeasured variable, i.e. not
ncorporated into our models. Further experimental investiga-
ions of these patterns would be a useful future study focus to
nsure patterns of key indicators with DO saturation are fully
nderstood. 
We found both positive and negative correlations between
onitoring metrics and annual Chl a and turbidity medians.

everal relationships also showed clear threshold effects,
here metrics increased to a given level of Chl a or turbidity
efore either flattening or declining significantly. Such thresh-
lds might be useful as targets or triggers for management ac-
ions. The finding of variable (i.e. positive and negative) effects
f increasing turbidity on fish assemblages also strengthens
onfidence in our methodological approach because underwa-
er cameras are often criticized as being poor in variable and
igh turbidity environments; this simply wasn’t the case in this
tudy, likely due to the controls placed on their deployment
egarding water clarity. This finding is, of course, limited to
he turbidity levels measured in this study (i.e. to a maximum
f ∼70 NTU). The key exception to this generalization was
or fish species richness, which typically declined with increas-
ng turbidity. This finding could indicate that species richness
s most sensitive to variable and high water column turbidity.
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Overall, these findings therefore stress the importance of 
appreciating the subtlety in responses of fish to water quality 
when assessing coastal conditions. These findings illustrate 
the species-specific effects of fish to varying water quality 
in estuaries and therefore the strength of our approach in 

extracting patterns that differ subtlety between key indicator 
species. 

Despite the robustness of the predictive modeling ap- 
proaches of this study, challenges arose when converting 
the predicted and observed measures into meaningful annual 
grades for estuaries. The grade point average, confidence in- 
terval, and percentage agreement approaches typically have 
between 50 and 61% of sites score above predicted within 

any given year. This was substantially lower for the percent- 
age approach, with only between 15 and 40% of sites scor- 
ing above predicted, likely because of several significant out- 
liers in this approach. Conversely, median and mean difference 
approaches resulted in predominantly negative scores, which 

are not meaningful for ecosystems, management, or commu- 
nity stakeholders. Overall, a simple measure of the percent- 
age of sites within an estuary that scored above the predicted 

value within an estuary provided the optimal amount of vari- 
ation between years and estuaries given the mean. While more 
complex grading metrics, which use modeled confidence inter- 
vals and grade averaging approaches, might be appropriate in 

other systems, the high abundance of zeros in the estuarine fish 

data used here resulted in a stronger weighting of zero abun- 
dances in these grades, and therefore a poor overall reflection 

of estuarine condition using these metrics. For example, the 
grade point average and confidence interval approaches re- 
sulted in an overall average grade of “D” (i.e. approximately 
two out of five) across all estuaries. Such consistently low 

scores across all estuaries are poor for stakeholder and public 
engagement, clearly not representative of overall trends or the 
current ecological understanding of these estuaries, and are 
therefore less effective for grading these systems. Conversely,
the percentage approach showed far too much variation; aver- 
age variation around the mean approximated the mean, there 
were large spikes in some estuaries and years that were not 
reflected in other grading approaches (likely due to the influ- 
ence of very large outliers), and there was little consistency in 

grading within estuaries between years. Together, these con- 
siderations result in the percentage agreement approach being 
most ideal for these data. 

In general, multiple grading approaches in this study were 
compromised by the high number of zero abundance val- 
ues found within the data used, a common attribute of ani- 
mal abundance data. This is a significant challenge for mon- 
itoring programs that traditionally sample biophysical met- 
rics (e.g. ecosystem extent or water quality), which rarely re- 
sult in zero scores at any site. Indeed, for such biophysical 
metrics, zeros scored (e.g. zero detectable nitrogen or zero 

mangrove extent) are very meaningful results. The opposite 
is true for animal metrics; we can be less confident if zero 

fish are counted at a site within a particular monitoring pe- 
riod. In this case, zeros are unavoidable, as estuarine fish as- 
semblages can vary in space and time, and increasing replica- 
tion within a sampling period cannot always overcome this.
Longer RUVS deployment times could overcome some of this 
challenge; the increased amount of video to analyze can be 
overcome with newly developed automation for RUVS data 
extraction (Kitchingman et al. 2022 ), but there will still be 
additional field time and thus expense. 
A key challenge with the results of this research is that grad-
ngs are self-benchmarked (i.e. models created using this data 
ere then used to grade them). The vision for this program is

o continue this monitoring annually, with these 3 years being
sed as the “benchmarking” period against which all subse- 
uent years are graded. Therefore, future years will be based
n predicted values from the models created in this study. This,
f course, requires regular checking that patterns remain re- 
ective across estuaries, and the activity should be done using
he same approach described here periodically (e.g. every 2–5 

ears). 
In this study, we observed that the percentage agreement 

pproach was likely the best metric to overcome challenges of
onverting predicted and observed values into overall grades 
or each estuary. However, values can fluctuate annually using 
his method, meaning that a multiple-year running average,
r extended baselining period, might be useful. This approach 

ould, however, potentially mask patterns in indicators caused 

y rapidly changing events that require more immediate man- 
gement focus. A mixed approach might therefore be useful.
he general decline in grades for estuaries in this study is un-

ikely to be caused by changes in water quality conditions with
ncreasing rainfall events in the region across the study period
including localized flooding in the February of 2022) (Aus- 
ralian Bureau of Meteorology 2023 , Henderson et al. 2024b ).
 second shortcoming of this approach is that the values are
ot naturally grouped into grades (e.g. the A–E approach used
y the grade point average and confidence interval approach),
nd translating these values into meaningful grades likely re- 
uires more detailed analyses and/or expert opinion. Based on 

atterns observed in this study, estuaries with > 50% of sites
coring above the predicted values could, e.g. be considered 

n “A” grading. Such a pattern should be considered an ex-
ellent outcome for an estuary, and indeed if 50% of the sites
ithin an estuary are above the prediction, then the median

alue for that estuary will approximate the predicted value.
ther grades could therefore be given at regular intervals be-

ow that (i.e. 37.5%–50% = B, 25%–37.5% = C, and so on).
his percentage agreement approach also has the benefit of 
eing easy to explain to stakeholders, and is similar to many
ther metrics used in existing monitoring programs (Connolly 
t al. 2013 , Healthy Land and Water 2021 ). 

Optimizing monitoring frameworks to ensure good stake- 
older engagement and accurate ongoing monitoring is cru- 
ial for coastal management (Harwell et al. 1999 , McIntosh
t al. 2019 , Logan et al. 2020 ). In this study, we illustrate the
fficacy of predicted versus observed modeling techniques as 
ethods for evaluating and grading fish assemblages in estu- 

rine and coastal fish. Approaches chosen for sampling and 

rading coastal fish assemblages should vary according to the 
oals of the specific monitoring programs and the desired re-
orting outputs. Clearly stated objectives are key . Crucially ,
his study further supports the notion that combining biophys- 
cal and animal surveys in monitoring can result in more ef-
ective links between changes in physical monitoring metrics 
nd the ecology and condition of ecosystems more broadly. 
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