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Abstract: An effective biological index should meet two criteria: (1) the selected parameters have
clear relationships with ecosystem health and can be measured simply by standard methods and (2)
reference conditions can be defined objectively and simply. Species richness is a widely used estimate
of ecosystem condition, although it is increased by nutrient enrichment, a common disturbance.
Based on macrobenthos data from 91 shallow Yangtze lakes disconnected from the mainstem, we
constructed an observed species (SO)-area (A) model to predict expected species richness (SE), and
then developed an observed to expected index (O/E-SA) by calculating the SO/SE ratio. We then
compared O/E-SA with three other commonly used indices regarding their ability to discriminate
cultivated and urban lakes: (1) River Invertebrate Prediction and Classification System (RIVPACS;
O/E-RF), (2) Benthic Index of Biotic Integrity (B-IBI), and (3) Average Score Per Taxon (ASPT). O/E-SA

showed significant positive linear relationships with O/E-RF, B-IBI and ASPT. Quantile regressions
showed that O/E-SA and O/E-RF had hump-shape relationships with most eutrophication metrics,
whereas B-IBI and ASPT had no obvious relationships. Only O/E-SA, O/E50 and B-IBI significantly
discriminated cultivated from urban lakes. O/E-SA had comparable or higher performance with
O/E-RF, B-IBI and ASPT, but was much simpler. Therefore, O/E-SA is a simple and reliable index for
lake ecosystem health bioassessment. Finally, a framework was proposed for integrated biological
assessment of Yangtze-disconnected lakes.

Keywords: ecosystem health assessment; biological index; quantile regression model; shallow lakes;
Yangtze River basin

1. Introduction

Thousands of floodplain lakes (with a total area of 15,770 km2) are distributed along the
mid-lower Yangtze River, playing very important roles in maintaining floodplain ecosystem
functions. However, these lakes are seriously threatened by multiple stressors, including
habitat loss, alterations of hydrological connectivity and flow regimes, water pollution
(especially nutrient enrichment), and overexploitation of biological resources [1]. At present,
official water body assessments of these lakes are mainly based on physico-chemical
parameters as outlined in Environmental Quality Standards for Surface Water (GB 3838-
2002) [2], which are incapable of reflecting ecosystem health comprehensively [3]. Therefore,
there is an urgent need to construct biological indices reflecting the comprehensive impacts
of stressors on these lakes. However, establishment and application of biological indices for
freshwaters have so far mainly focused on streams and rivers [4–6], but few on lakes [7,8].

An effective biological index should meet two important criteria. First, the selected
parameters should have clear relationships with ecosystem health, and the capacity to be
measured simply using standard methods. Measurements of species richness and abun-
dance of important taxa can meet this criterion [9–11], but widely used diversity indices
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(e.g., Shannon–Weiner diversity index) cannot. Such diversity indices have been formulated
in various ways, but have a number of deficiencies. (1) They convey no information other
than aspects of community composition and structure. (2) Different indices may indicate
different trends in biodiversity or even reverse results. (3) Each diversity index attempts
to synthesize information on species number and relative importance in some way, but
the importance cannot be simply calculated as ratios of density, biomass, or production.
(4) Different calculations can show quite different values. (5) Diversity indices often cannot
reliably indicate the effects of environmental stressors [12–15]. Second, reference condi-
tions should be able to be defined objectively and simply. The multi-metric method uses
minimally disturbed sites, or least disturbed sites as references [16,17], but this lacks an
objective criterion and is not suitable for unique natural and artificial ecosystems. The River
Invertebrate Prediction and Classification System (RIVPACS) method determines reference
conditions through a modelling approach [18,19], but the complicated modelling process
generally requires a large set of reference biological samples from high quality, minimally
disturbed sites, which makes it difficult to define reference conditions in many cases [20].
As such, these challenges have limited the widespread application of RIVPACS [21]. Hence,
it is necessary to develop simple models to define reference conditions. Species-area mod-
els are simple and widely applicable [7,16,22,23] and can be used to determine expected
values of species richness as reference condition. Thus, species–area models can be used to
constructed bioassessment index.

Therefore, it is urgent to construct a simple and reliable biological index to assess the
health condition of Yangtze floodplain lakes and provide a scientific basis for lake ecosystem
restoration and protection. To establish a simple and reliable bioassessment system for
Yangtze floodplain lakes disconnected from the mainstem, we used macrobenthos data
in a three-step process. First, we defined reference conditions through use of quantile
regression species–area models and constructed an observed to expected index based on a
macrobenthos species–area model (O/E-SA). Then, we analyzed the effectiveness of O/E-SA
by comparing its performance with common indices, including Benthic Index of Biotic
Integrity (B-IBI), Average Score Per Taxon (ASPT), O/E indices based on Random Forest
models (O/E-RF) and then assessed the relationships with eutrophication indicators. In
the final step, we explain how to construct an integrated biological assessment of Yangtze-
disconnected lakes.

2. Materials and Methods
2.1. Study Area and Data Sources

The study lakes cover a total area of more than 5400 km2, are located in the mid-lower
Yangtze River Basin (28◦30′ N~31◦40′ N, 112◦33′ E~121◦00′ E), and have a warm and humid
subtropical monsoon climate (Figure S1). The biological data in this study were collected by
our research group during field surveys over the past 20 years (1998~2019). We compiled
116 lake-years data from 91 Yangtze mainstem-disconnected shallow lakes (1207 samples
in total, Table S1). Sampling stations at each lake were systematically set in the offshore
zones according to lake area, with the number of stations per lake ranging from 1 to 58. We
analyzed the effects of sampling effort in Figure S2 to clarify that the sampling stations in
each lake are appropriate and sufficient. All biological data selected for this study were
quantitative measurements from spring and autumn to ensure comparability, except for a
few lakes with only one season of the field survey.

All macrobenthos samples (1207 samples mentioned above) were sampled via one
grab at each sampling station with a modified Peterson grab (1/16 m2), washed gently
through a 425 µm sieve, and preserved in 10% formalin. After samples were rinsed with
water in the laboratory, all individuals were sorted, counted, and identified to the lowest
practical taxonomic level. Aquatic oligochaetes were identified to genus, polychaetes and
leeches to family or genus, molluscs and arthropods to genus, and the remaining taxa to
family [24,25]. Submersed macrophytes (BMac) were sampled just above the sediment by
scythes (1/5 m2) 2–4 replicates at each sampling point [26].
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Physico-chemical parameters including water temperature, pH, conductivity, mean
water depth (ZM), and Secchi depth (ZSD) were measured in situ during each visit. A
water sample (1 L) was collected from each site during each visit and brought back to the
laboratory to measure the concentrations of total nitrogen (TN), total phosphorus (TP), and
chlorophyll a in phytoplankton (Chl a) [27]. We used the spring and autumn environmental
parameters data to match with the biological data we used.

Landscape variables (climate, land cover) were extracted for each lake set to the
World Geodetic System (WGS)-1984 Coordinate System and a grid resolution at 30 arc-
second (ca. 1 km). We obtained mean air temperature and mean precipitation data (http:
//www.worldclim.org/, accessed on 30 December 2020) for each lake and land-cover
information (http://www.globallandcover.com/, accessed on 30 December 2020) for a
500 m buffer along the lake shoreline, and classified the studied lakes as either urban or
cultivated based on whether cultivated land or artificial surfaces dominated. We defined
urban lakes when the proportion of artificial surfaces was >50% of the shoreline buffer, and
we defined lakes as cultivated when the proportion of cultivated land was >50% of the
shoreline buffer. Urban and cultivated lakes were used to test the discrimination power of
indices. Landscape data were extracted using the zonal tool in ArcGIS 10.6.

2.2. Index Development

Four indices were developed: O/E-SA index, O/E-RF indices, B-IBI and ASPT (full
name in Table S3). The O/E-SA index calculated expected species richness by species
(SO)-area (A) modeling based on lake area and the observed species richness of each lake.
O/E-RF indices were RIVPACS (River Invertebrate Prediction and Classification System)
indices with species richness calculated by the sum of probabilities of capture (Pc) of taxa
predicted by RF modeling. The constructed processes were as follows.

(1) O/E-SA index

A species (SO)-area (A) model was developed based on lake area to predict the ex-
pected species richness (SE) and calculated an observed to expected index (O/E-SA) by
calculating the SO/SE ratio. We used percentage error (PE) to compare predictive power
of three different linear regression forms, including a linear model (S/A), semi-log model
(S/log10A), and power model (log10S/log10A). The formula was: PE = ∑|P/O − 1| ×
100/n, where P is the expected value and O is the observed value [28]. Quantile regression
models were developed to confirm the optimal and simpler model used to predict the
expected species richness (SE). The optimal conditional quantiles were confirmed by model
fitting (pseudo R2) and evaluation of two parameters (i.e., slope and intercept distribution).
The biological condition of each lake was evaluated by calculating the ratio of the observed
value (SO) to the expected value (SE).

(2) O/E-RF indices

O/E-RF indices were developed following established procedures [19,29,30]. First, we
identified 21 reference lakes according to the status of lakes, available physico-chemical
data, and professional judgment. These reference lakes (marked in Table S1) met the
following conditions: (1) the lakeside zone was basically maintained in a natural state and
the partial littoral area had submerged macrophytes, with an average biomass greater than
200 g/m2; (2) there was no or very little diffuse-source pollution around the lake; (3) there
was no or little fishery disturbance (annual yield of fishery less than 15 t) than in other lakes.
The pollution status was estimated qualitatively, and fishery disturbance was measured by
the annual fishery yield, which ranged from 0 to 540 t. We then clustered reference lakes by
applying the β-flexible clustering technique (β = −0.5) to pairwise Sørensen dissimilarities
based on the presence and absence of macroinvertebrate taxa across the reference lakes.
We then developed a RF model to predict cluster membership from natural environmental
predictors (Table S4) and used the probabilities of cluster membership predicted by the
RF model to weight taxon occurrence frequencies within reference site clusters to predict
taxon-specific probabilities of capture (Pc). We calculated O/E based on taxa with Pc ≥ 0.5

http://www.worldclim.org/
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(hereafter O/E50) and ≥0 (hereafter O/E0). In addition, we developed null O/E models
with the Pc of individual taxa set to be equal across all sites. We used the randomForest
package to develop Random Forest (RF) models with 1500 trees for each model [31].

(3) Other indices

We also calculated ASPT and B-IBI scores. The ASPT is based on the tolerance values of
individual families to organic pollution [32]. The ASPT represents the average tolerance of
organisms at the family level and can be determined by dividing the Biological Monitoring
Party (BMWP) index score by the number of families present. The BMWP system also
considers the tolerance of macroinvertebrates to organic pollution. Families are assigned a
score between 1 and 10 according to their tolerances, then the BMWP score is the sum of
the values for all families present in the sample [33]. The final ASPT score ranges between
1 and 6, the lower value represents higher tolerance of organic pollution (e.g., Oligochaeta
have the highest tolerance and score as 1).

For B-IBI development [34], we started with 42 candidate metrics included in five
metric categories: taxonomic richness, taxonomic composition, tolerance, functional feeding
group, and habitat quality. Metrics were selected following range, discrimination power,
and redundancy tests. First, metrics with a median of 0 for reference lakes were eliminated
through range test. Second, the discrimination power of each metric was defined as the
degree of inter-quartile overlap in the box plots of both reference and test sites for each
metric. Third, metric redundancy was calculated using the Spearman correlation between
all candidate metric. Metrics with high correlation (|r| > 0.7) and with p < 0.05 were
removed. Finally, we selected the following four metrics to calculate the final score: total
number of taxa, Biotic Index (BI), % Gastropoda individuals, and %collector-gatherer
individuals. We used general taxa pollution tolerance values to calculate the Biotic Index
(BI). We calculated the scores of metrics that decreased in response to stressors by the
fraction of the 95th percentile value. We scored metrics that increased in response to
stressors by the radio of the difference between the maximum value and the metric value
and the difference between the maximum value and the 5th percentile value. The final
B-IBI score were calculated by summing the scores of the four metrics.

Index performance of all indices was compared in terms of precision, bias, respon-
siveness, and sensitivity [35]. To facilitate performance comparisons among all indices,
we calculated standardized O/E-SA, ASPT, and B-IBI scores by dividing raw scores by
the mean of reference site scores so that reference site scores were centered on one. We
used linear regression and Spearman rank correlation analysis to develop the relationship
between each pair of all biological indices. We then compared the effectiveness of these
indices by analyzing the relationship between macrobenthos indices and eutrophication
metrics through quantile regression analysis. The discrimination power of urban and
cultivated lakes by these indices was completed using a Wilcoxon test [36].

3. Results
3.1. Taxonomic Composition

Over the past 20 y, we collected a total of 188 macrobenthos taxa belonging to three
phyla, 7sevenclasses, 48 families and 151 genera across all study lakes. The total number of
taxa within each lake ranged from 2 to 42, with an average of 13 taxa per lake (Table S2;
Figure S1). The most commonly collected taxa were Limnodrilus sp., Branchiura sowerbyi,
Bellamya sp., Chironomus sp. and Tanypus sp., with taxa occurrence frequencies of 0.30, 0.41,
0.24, and 0.40, respectively.

3.2. O/E-SA Modeling

In sampling effort analysis, the sampling point in lakes was adequate for local richness
(p < 0.01) (Figure S2). In comparison with the linear regression (S/A, R2 = 0.32, PE = 78)
(Figure 1a) and power models (log10S/log10A, R2 = 0.44, PE = 50) (Figure 1c), the semi-log
model (S/log10A, R2 = 0.52, PE = 57) (Figure 1b) had the highest R2 and lower PE than



Int. J. Environ. Res. Public Health 2022, 19, 9678 5 of 13

the linear regression. Therefore, the semi-log model was selected as the optimal model to
estimate expected species richness.
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Based on the optimal model, we constructed quantile regression models (Figure 2).
The fitting function at τ = 0.95 had the best performance, with a narrower 95% confidence
interval for the intercept (9.6~17.6) and slope (9.8~14.2), and a higher pseudo R2 (0.66).
Thus, we used this function to estimate the reference value. The formula was as follows:

SE = 11.9 log10A + 11.5

where SE is the expected value of species richness and A is lake area.
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Then, the O/E-SA index was constructed with the following formula:

O/E-SA = SO/SE

where SO is the observed value of species richness. If the ratio was >1, O/E-SA = 1.

3.3. O/E-RF Modeling

The performance of the modeled O/E50 was the best among these four indices (Table 1).
We clustered 21 reference lakes based on the similarity of presence/absence macrobenthos
data into four groups with each cluster group size ranging from four to eight (Table S1). The
out-of-bag estimation-based accuracy of RF models for reference lakes was 86%. The results
showed that the precision of O/E50 was much higher than that of O/E0. The accuracy of
modeled indices with natural variation adjustment was higher than that of null indices
with no natural variation adjustment. The modeled O/E50 had the best accuracy with
bias of 0% variation among reference site values associated with natural variables after
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modeling. However, the other three models all had residual natural variation that could
not be explained. All O/E-RF indices had high sensitivity, and there was little difference in
their responsiveness.

Table 1. Index performance based on precision, bias, sensitivity, and responsiveness.

Reference Site Test Site

Mean Precision
SD

Bias
RF% Var Mean Sensitivity

%NRC
Responsiveness

t-Value

O/E0 0.99 0.33 9.52 0.54 1.00 6.96
O/E0-null 1.00 0.37 19.33 0.54 1.00 8.46

O/E50 1.02 0.18 0.00 0.61 0.99 8.29
O/E50-null 1.00 0.17 4.51 0.67 0.95 8.85

O/E-SA 1.00 0.20 0.42 0.74 0.99 3.94
B-IBI 1.00 0.26 3.53 0.64 0.94 5.23
ASPT 1.00 0.37 3.84 0.70 0.97 4.86

Precision (SD, standard deviation of reference values), bias (RF% Var, % of variation among reference site values
associated with natural variables after modeling), sensitivity (%NRC, % of test considered as non-reference
condition), and responsiveness (Student’s t value for the comparison between reference and index value of the
most degraded sites).

3.4. Comparison of INDICES
3.4.1. Relationships between O/E-SA and Other Indices

O/E-SA performed about the same as O/E50 in precision and sensitivity, but its bias
was higher and its responsiveness was lower than that of O/E50 (Table 1). The O/E-SA also
had better performance than B-IBI and ASPT in precision, bias, and sensitivity; however,
both B-IBI and ASPT were more responsive than O/E-SA.

Linear regression and Spearman rank correlation analysis indicated that O/E-SA had
significant, but weak, positive correlations with O/E50, B-IBI, and ASPT (r = 0.45, 0.31, 0.34,
p < 0.01) (Figure 3). The correlations of O/E50 with B-IBI and ASPT were also significantly
and weakly positive (r = 0.39, 0.40, p < 0.01). However, the correlation of ASPT with B-IBI
were moderately strong (r = 0.73).
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3.4.2. Relationships between Macrobenthos Indices and Eutrophication Metrics

Quantile regressions (Figure 4) showed that O/E-SA had hump-shaped relationships
with four eutrophication metrics (TN, TP, Chl a and ZSD), but had no obvious relation-
ships with BMac or ZSD/ZM. O/E50 had similar relationships as those above (Figure S3),
B-IBI scores declined with increased TP, but ASPT had no obvious relationships with
eutrophication metrics (Figures S4 and S5).
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mg/L) (b), phytoplankton chlorophyll a (Chl a, µg/L) (c), Secchi depth (ZSD, m) (d), submersed
macrophytes biomass (BMac, g/m2) (e), and the ratio of Secchi depth to water depth (ZSD/ZM, m) (f).
(n differs because of environmental data deficient).
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3.4.3. Comparison of Macrobenthos Index Scores in Cultivated and Urban Lakes

Figure 5 showed that O/E-SA, O/E50, and B-IBI (especially) significantly discriminated
urban and cultivated dominant lakes, with higher index scores in the latter; however, ASPT
scores did not do so.
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4. Discussion
4.1. O/E-SA Is a Simple and Reliable Index for Lake Biological Assessment

The rationale for applying O/E-SA is fourfold. (1) O/E-SA had a weakly significant
positive correlation with the alternative indices (O/E50, B-IBI, and ASPT; Figure 3). (2) O/E-
SA exhibited a unimodal hump-shaped relationship with eutrophication metrics (TN, TP,
Chl a, and ZSD), which conforms to the common observation that species richness reaches
a maximum at an intermediate level of nutrient enrichment [37]. However, O/E-SA had
no obvious relationship with BMac, which is likely related to the low collecting efficiency
of Peterson grabs for epiphytic invertebrates. Previously, we found a positive correlation
between the number of epiphytic gastropod taxa and the biomass of submerged macro-
phytes [26]. (3) O/E-SA, O/E-RF and B-IBI discriminated cultivated and urban lakes, but
ASPT could not (Figure 5), and B-IBI scores declined with increased TP concentrations.
Indices calculated by models (O/E-SA, O/E-RF) and based on multiple metrics (B-IBI) had
better performance than ASPT, probably because ASPT is based on taxa tolerances to or-
ganic pollution versus nutrient enrichment. In addition, sensitive and tolerant taxa respond
differently to disturbance [38], so in the future, we should construct separate species–area
models for sensitive taxa and tolerant taxa to avoid equating increased species richness
with greater ecosystem health. (4) O/E-SA had similar performance to O/E50, but was
simpler to calculate.

Three standardized procedures should be developed when using O/E-SA for routine
assessment. (1) We recommend using a grab sediment sampler (for example, Peterson
grab, Van Veen grab) for sample collection. The grab sediment sampler used in this
study is suitable for sediment collection in offshore zones. The collection of epiphytic
benthos in littoral zones should be enhanced by sampling by hand and D-frame kick
net [39,40]. (2) It is also important to define the sampling locations, number of sampling
points, sampling frequency, and minimum number of specimens per lake to minimize
effects of sampling effort on the number of taxa recorded [41,42]. (3) Specimens need to
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be identified to the lowest possible taxonomic level by identifiers with the same ability
using standard keys [43]. It may be possible to simply identify specimens through DNA
barcoding identification systems in the future [44,45], but we are not there yet. Following
these standardized procedures, spatially extensive investigations should be carried out to
rebuild the species–area model to set the expected value by lake type (cf. Figure 2).

4.2. Constructing an Integrated Biological Assessment Index for Lakes

The main threats to Yangtze-disconnected floodplain lakes are eutrophication and hy-
drologic river–lake fragmentation [1]. Accordingly, we propose that an integrated ecological
index should include three parts (Figure 6). (1) O/E-SA indices of biological assemblages
(such as fishes and macrobenthos) to assess assemblage health conditions should have a
weight of 0.3 each. For example, Whittier et al. (1997) and Whittier and Kincaid (1999)
modeled fish species richness as a function of lake surface area and determined that non-
native fish species reduced native fish species [46,47]. (2) The concentration of Chl a and
the ratio of submersed macrophytes used to assess trophic state should have a weight of
0.2. The eutrophication process of a shallow lake can be largely described as a regime
shift from a macrophyte-dominated clear-water state to an algae-dominated turbid-water
state [48]. The water depth/Secchi depth correlates positively with submersed macrophyte
biomass [26], so it can be used as a substitute when submersed macrophyte biomass data
is deficient. (3) The portion of migratory species and hydrophyte-emergent macrophyte
coverage to assess hydrologic conditions should have a weight of 0.2. The latter is closely
related to water level fluctuations [23], and can be easily measured by remote sensing.
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5. Conclusions

We constructed a simple and reliable index (O/E-SA) based on macrobenthos species
richness to assess the biological condition of lake ecosystems, which was calculated from
the ratio of the observed and expected values of species richness. The expected value of
species richness was predicted through species (SO)-area (A) modeling. O/E-SA showed a
significant positive linear relationship with commonly used indices and a hump-shaped
relationship with eutrophication metrics. Therefore, O/E-SA is an effective index of lake
biological health. It is worth noting that standardized procedures should be a concern in the
application of this index. Furthermore, there still exist limitations, and an integrated index
with multi-indicators may be better than an index based on single indicators. Thus, this
modeled index approach should be applied to other biological assemblages and construct
an integrated biological assessment index for Yangtze-disconnected lakes.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/ijerph19159678/s1, Table S1: Basic information of the lakes. Table S2: Number of zoobenthos
taxa in the five lake districts. Table S3: Abbreviation and full name of assessment indices. Table S4:
Abbreviation and description of potential environmental predictors used in modeling. Figure S1. Spa-
tial pattern of macrobenthos of shallow lakes along the mid-lower Yangtze River. Figure S2. Sampling
point vs. residual local taxa richness for macrozoobenthos. Figure S3. Quantile regressions of O/E50
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index on total nitrogen (TN, mg/L), total phosphorus (TP, mg/L), chlorophyll a of phytoplankton
(Chl a, µg/L), Secchi depth (ZSD, m), annual submersed macrophytes biomass (BMac, g/m2) and
ratio of Secchi depth to water depth (ZSD/ZM, m) (sample sizes differ because of deficient sampling).
Figure S4. Quantile regressions of B-IBI index on total nitrogen (TN, mg/L), total phosphorus (TP,
mg/L), chlorophyll a of phytoplankton (Chl a, µg/L), Secchi depth (ZSD, m), annual submersed
macrophytes biomass (BMac, g/m2) and ratio of Secchi depth to water depth (ZSD/ZM, m) (sample
sizes differ because of deficient sampling). Figure S5. Quantile regressions of ASPT index on total
nitrogen (TN, mg/L), total phosphorus (TP, mg/L), chlorophyll a of phytoplankton (Chl a, µg/L),
Secchi depth (ZSD, m), annual submersed macrophytes biomass (BMac, g/m2) and ratio of Secchi
depth to water depth (ZSD/ZM, m) (sample sizes differ because of deficient sampling).
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