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Abstract
1.	 The preservation of global biodiversity has become challenging due to intensify-

ing anthropogenic pressures. This study addresses the complex challenges as-
sociated with long-term monitoring data (i.e. missing years and gap filling) on the 
accuracy of temporal biodiversity trends.

2.	 Here, we analysed over 20 years of annual river macroinvertebrate data, simulat-
ing missing entries and applying imputation methods with linear and non-linear 
models to fill gaps. Our findings show that increasing numbers of gaps lead to 
increased trend variability, lower Akaike Information Criterion scores and higher 
standard deviation in model-explained deviance, thus suggesting that models fit 
more easily to datasets with more missing values due to fewer data constraints, 
while also introducing greater uncertainty and unexplained variability in the in-
ferred trends.

3.	 When evaluating different gap-filling algorithms, we found that their perfor-
mance varied considerably, contributing to increased uncertainty in trend esti-
mates. Random Forest Imputations and Random Sample from Observed Values 
performed best, introducing less variation and aligning more closely with the orig-
inal trends, whereas Predictive Mean Matching and its weighted variant amplified 
deviations, particularly with increasing gaps. Importantly, even a small number 
of missing or imputed values could, in some cases, reverse the trend direction, 
highlighting the risk of misinterpretation from seemingly minor data loss.

4.	 Synthesis and applications. In the current era of large-scale biodiversity monitor-
ing, our study highlights the risks of missing data and the need for cautious im-
putation. We show that, in many cases, retaining gaps may lead to more accurate 
trend estimates than imputing data. When imputation is unavoidable, methods, 
such as Random Forest and Random Sampling from observed values performed 
relatively well in our macroinvertebrate richness case study. However, the choice 
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1  |  INTRODUC TION

In the 21st Century, environmental and biodiversity research are 
moving into the age of large databases and intense data-driven 
science, characterised by increasing data availability (Farley 
et al., 2018; Hampton et al., 2013; Spengler, 2000). The growing 
demand for biodiversity monitoring data is crucial for addressing 
environmental challenges, such as global warming, water quality 
deterioration, biological invasions and habitat degradation (Ellison, 
2010; Kelling et  al.,  2009). Efforts are required to improve data 
handling and consequently minimise the pace of the global biodi-
versity decline and deteriorations of ecosystem services (Bellard 
et al., 2016; Choi et al., 2023). In recent years, understanding of 
the decline of global biodiversity caused by numerous different 
threats (Fernández-Palacios et  al.,  2021; Forister et  al.,  2011; 
Pyšek et  al.,  2020) has been compounded by the emergence of 
complex methodological approaches (Blowes et al., 2019) and new 
tools—such as deep learning—that aim to improve the interpreta-
tion of biodiversity trends and underlying drivers (Reichstein et al., 
2019). In turn, enhanced interpretation can promote clear com-
munication, which sparks not solely the interest among scientists 
to analyse large databases but also draws the attention of society 
and politicians towards the importance of large spatial scale and 
long-term biodiversity monitoring data (Seibold et al., 2019; Wei 
et al., 2017).

Our understanding of how long-term biodiversity monitoring 
data can inform relevant stakeholders remains incomplete, as evi-
denced by the contrasting trends and numerous nuances observed 
in various aquatic and terrestrial biodiversity monitoring datasets 
(Haase et  al.,  2023; Pilotto et  al.,  2020; Van Klink et  al.,  2020). 
While some large-scale studies have used linear or generalised 
linear models to assess biodiversity change (Blowes et  al.,  2019; 
Hallmann et al., 2017; MacGregor et al., 2019; Seibold et al., 2019), 
others increasingly employ non-linear approaches to account for the 
often non-linear and complex nature of biodiversity trends (Grünig 
et  al.,  2020; Hallmann et  al.,  2020). However, discrepancies in re-
ported trends are also shaped by differences in data quality, metrics 
used and how missing data are handled—highlighting the need for 
careful methodological consideration in trend estimation, given the 
distinct properties of linear and non-linear models that can lead to 
different modelled outcomes (Haubrock et al., 2023). This is partic-
ularly relevant for ecologists, because separating long-term trends 
from natural fluctuations or cycles is often challenging (Benton 
et al., 2002), such as in univoltine and seasonally dynamic aquatic 

invertebrate taxa (Gaston & Lawton, 1988; Li et al., 2022; Picapedra 
et al., 2020; Wallner, 1987). For this reason, trend analyses, espe-
cially to investigate phenomena of critical importance to humanity, 
such as the pace of global biodiversity decline, the named ‘insect 
apocalypse’ (Goulson,  2019; Singh,  2002), should rely on true an-
nually sampled time-series data covering a sufficiently long period 
(i.e. at least 15 consecutive years; Didham et al., 2020; White, 2019). 
Such annually sampled time-series are, however, scarce and often 
prone to contain several gaps in sampled data. These gaps may arise 
due to logistical constraints, inconsistent survey efforts, financial 
limitations, adverse environmental conditions (e.g. extreme weather 
events) or methodological changes over time. Understanding these 
causes is essential, as they influence whether missing data occur 
randomly or systematically, which in turn affects the reliability of 
inferred biodiversity trends. The problem of missing data affects 
almost all datasets in ecology (Nakagawa & Freckleton,  2008), ul-
timately hindering accurate inferences from long-term data and po-
tentially leading to misinterpretations of biodiversity trends. While 
several studies have assessed the effect of missing data in biodiver-
sity time series for specific taxa, such as birds and butterflies (e.g. 
Wauchope et al., 2019, 2021), the influence of data imputation on 
perceived biodiversity trends remains underexplored, particularly 
for complex, multi-species community datasets like those from 
long-term riverine macroinvertebrate monitoring, where taxonomic 
richness, sampling variability and temporal resolution pose distinct 
challenges.

Indeed, many, if not most, trends inferred from time series are 
likely influenced by missing data due to sampling or laboratory is-
sues. While the presence of the impact of missing data is not always 
explicitly addressed, such effects may have played a role in studies 
on ecological time series (e.g. Choi et al., 2023; Dornelas et al., 2014; 
Haase et al., 2023; Muñiz Pinto et al., 2020), where long-term mon-
itoring data are subject to common issues like inconsistent effort or 
data loss. Improper handling of such limited datasets could poten-
tially introduce bias into statistical analyses, especially when sys-
tematic differences exist between the observed and missing data 
(Rubin, 1976; Little & Rubin, 2019). In the context of long-term bio-
diversity monitoring of riverine ecosystems, abrupt climatic shifts 
or human-induced habitat alterations can cause sudden changes in 
species occurrences and abundances within time series, which can 
appear as isolated outliers in the data (Pavón-Jordán et  al.,  2019). 
When such data are not consistently reported over time, for ex-
ample on an annually recurring basis as in the case for numerous 
time series collected under the umbrella of the European Water 

to impute as well as the method used should be evaluated in light of the biodiver-
sity metric and the type of trend being analysed.
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Framework Directive (Haase et  al.,  2004; Haubrock et  al.,  2020), 
such information on temporal variations may not be accounted for 
when data are missing, referring to instances where there are gaps 
between available data points (Little & Rubin, 2019). However, the 
analysis of ‘complete’ time series, that is with continuously annual 
sampled data, is often infeasible as they are scarce or with restricted 
geographical distribution.

Thus, some bias in the analysis and inferences from extrapo-
lation of trends are assumed (Little & Rubin, 2019). As a result, 
numerous data analysts address missing data by imputing miss-
ing values (Luo,  2022; Pili et  al.,  2024; Zhang,  2016) and subse-
quently treating the filled values as ‘true’ observations (Gutwinski 
et al., 2021; Toutain et al., 2024), overlooking the potential intro-
duction of biases or artefacts. While various approaches exist to 
handle missing data in ecological monitoring, including methods 
specifically developed for species count data, these often rely 
on specific assumptions, such as synchronous inter-annual fluc-
tuations (see e.g. Kéry & Royle, 2016). One of the most popular 
methods among data scientists that is flexible, model-free alterna-
tive that can accommodate a wide range of missing data patterns 
and variable types and being continuously developed to fill data 
gaps are Multiple Imputations by Chained Equations (MICE; Jolani 
et  al.,  2015; Van Buuren & Groothuis-Oudshoorn,  2011), which 
is usually implemented by specifying generalised linear models 
for univariate conditional distributions (Raghunathan et al., 2001; 
Royston & White, 2011; Su et al., 2011). One of the advantages 
of MICE is the versatility in handling different types of missing 
data (e.g. numeric, categorical, binary and ordinal). This approach 
is appealing in large-scale data because it is simple and flexible 
in imputing different types of variables but has a key theoretical 
drawback that the specified conditional distributions may be in-
compatible, that is, they do not correspond to a joint distribution (a 
comprehensive probability distribution for all variables considered 
together; Arnold & Press, 1989; Gelman & Speed, 1993). This spe-
cifically means that when using MICE in large-scale data, there is a 
theoretical limitation where the specified conditional distributions 
used for imputation may not accurately reflect the joint distribu-
tion of the variables, potentially leading to biased imputations. 
Despite this and other drawbacks (Azur et al., 2011), MICE works 
remarkably well in real applications and numerous simulations 
have demonstrated that it outperforms many theoretical alterna-
tives (see van Buuren, 2018). However, popular software packages 
for implementing MICE, for example in the mice package in R (Van 
Buuren & Groothuis-Oudshoorn, 2011), are CPU intensive, espe-
cially when using a high number of iterations (Akande et al., 2017; 
White et al., 2011).

Conclusions drawn from data imputed using mice may be less 
reliable for several reasons. First, studies using MICE often rely 
on a limited number of publicly available benchmark datasets (e.g. 
Jäger et  al., 2021; Woźnica & Biecek, 2020; Section  5), which are 
typically well-structured and do not reflect the complexity of real-
world ecological monitoring data. These complexities include irreg-
ular sampling, environmental variability and non-random patterns of 

missingness. Second, evaluations commonly use a narrow set of per-
formance metrics, such as predictive mean squared error or overall 
accuracy (Harvey et al., 1997). While these metrics provide a general 
measure of imputation quality, they do not necessarily reflect the 
ecological relevance of reconstructed trends and may lead to mis-
leading conclusions about the reliability of imputed data. As a con-
sequence, the suitability of imputing data for biological monitoring 
data, especially in the context of long-term biodiversity time series 
(Pili et al., 2024), should be critically examined.

In this study, we thus focus on long-term riverine macroinver-
tebrate biomonitoring datasets to examine whether maintaining 
missing values or imputing them via MICE yields trends that better 
resemble the original, complete data. Riverine macroinvertebrates 
are widely used in ecological assessments due to their sensitivity 
to environmental changes and their key roles in freshwater ecosys-
tem functioning (Touron-Poncet et al., 2014). However, species-rich 
macroinvertebrate time series pose unique analytical challenges 
stemming from the high taxonomic diversity within communities, 
temporal variability in community structure and methodological het-
erogeneity across sampling strategies. These challenges are further 
compounded by differences in life cycles, e.g. larvae and nymphs' 
stages) as well as the presence of dispersing and diapausing indi-
viduals which are often less responsive to environmental changes 
targeted by monitoring programmes and which can also affect detec-
tion probabilities and temporal turnover (Stubbington et al., 2018). 
Moreover, many species may be missing from most samples, leading 
to lots of zeros or the number of individuals found can vary a lot 
from sample to sample, making it difficult to use standard statistical 
methods. Also, the data are often grouped, that is taken from the 
same river or collected over time. Given the high variability and com-
plexity of these communities, examining and choosing appropriate 
methods to identify and fill data gaps is essential, as poor handling 
of missing data can lead to biased conclusions about biodiversity 
change over time.

We assess the impact of gap filling by: (a) establishing alpha 
diversity (species richness per year) trends from complete time se-
ries, (b) introducing gradients of randomly missing years and (c) im-
puting these gaps using MICE and multiple modelling approaches. 
To test this, we collected three time series exceeding 20 years of 
continuous annual monitoring data of riverine macroinvertebrate 
species and evaluated (a) the original alpha diversity (i.e. local rich-
ness, as the number of species per year) trend obtained from the 
full time series, (b) shifts in obtained alpha diversity trends follow-
ing an increasing gradient of randomly introduced annual gaps and 
finally (c) evaluated alpha diversity trends when previously intro-
duced gaps were imputed using MICE and a series of linear and 
non-linear modelling approaches. We hypothesised that (i) with an 
increasing number of gaps or (ii) an increasing number of imputed 
gaps, obtained species richness trends will deviate substantially 
from the original richness over time towards both more positive 
or more negative trends, hence affecting consequent inferences. 
While our case study centres on riverine macroinvertebrates, 
the methodological framework we apply has broader relevance 
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for ecological time series where imputation may influence trend 
interpretation.

2  |  METHODS

2.1  |  Data acquisition

Riverine macroinvertebrates were chosen as a test system due 
to the availability of high-quality, long-term, annually resolved 
time series across multiple sites. While macroinvertebrate 
communities have distinct characteristics, such as seasonal life 
cycles, high species richness and sampling variability, our analysis 
is not dependent on these traits. Instead, we use this group as a 
representative and data-rich example to evaluate how imputation 
influences trend detection in complex ecological time series. 
Thus, to investigate the effect of missing and, respectively, 
imputed gaps on time-series analyses, we sourced time-series 
data of sufficient length—defined here as at least 20 consecutive 
years of annual sampling, which has been recommended for 
detecting directional biodiversity trends (Didham et  al.,  2020; 
White, 2019)—from Haase et al. (2023) (but see Welti et al., 2024 
for a detailed description of the data). This database contains 1826 
time series of riverine macroinvertebrate communities sampled 
across 22 European countries. Time series were collected as part 
of 41 independent monitoring projects, where all samples in a 
time series were collected within a period of three consecutive 
months of the year. Each sample consists of abundance data for 
all macroinvertebrate species recorded at a specific site in a given 
year. For the purposes of this study, we derived annual species 
richness (i.e. number of species per year) as the primary metric for 
trend analysis. Each time series contains at least eight sampling 
years albeit not necessarily continuous (i.e. can contain gaps). Each 
time series is standardised to contain only one sampling event 
per year. Although different time series used different sampling 
methods and protocols, methodologies were kept consistent 
within each time series during the sampling period.

From this dataset, we extracted three distinct time se-
ries from single localities within Denmark, the Netherlands and 
Sweden. Each of these series provided annual species-level sam-
ples, with a minimum temporal coverage of 20 years (exceeding 
the 15 years proposed by Didham et  al.,  2020). The time series 
from the Netherlands spanned 26 years (1991–2016), comprising 
218 unique entries at both species and genus levels. We excluded 
all genus-level information due to potential inaccuracies and 
overlaps, focusing solely on taxa (species-level only) identified at 
the species level for final inclusion. This resulted in 139 unique 
species-level entries. The Swedish time series comprised 23 years 
(1997–2019), yielding 114 unique species. Following the same 
procedure, only taxa identified at the species level were retained, 
resulting in a total of 70 unique species reported. In the case of 
Denmark, a time series spanning 27 years (1992–2018) was used, 
encompassing 195 genus- or species-level entries from which a 

total of 129 species-level entries were retained for analysis after 
omitting genus-level information.

2.2  |  Data analysis

Prior to formal analysis, we plotted the annually observed species 
richness of each of the three time series using the ggplot2 R package
(Wickham,  2006) and visualised each time-series trend using a 
ggplot2's ‘loess’ function with a span of 0.75 and degree of 2. Then,
we introduced deletions of 1, 2, 5 or 10 years randomly within each 
of the three time series, a process repeated 100 times for each time 
series, resulting in the creation of 500 distinct time series (i.e. 100 
for each gap quantity). The first and last years remained unaltered, 
ensuring that all time series retained their initial and final points. 
Subsequently, we computed the annual species richness for both 
the original time series and the altered time series with randomly 
deleted years (1, 2, 5 or 10). Species richness was chosen as a metric 
due to its widespread recognition as a fundamental indicator of 
biodiversity (Prendergast & Eversham, 1997), which both facilitates 
meaningful comparisons across studies and facilitates the analysis 
and interpretation of the ecosystem dynamics under investigation. 
Its broad acceptance within the scientific community facilitates 
meaningful comparisons across studies, providing a comprehensive 
lens through which to analyse and interpret the complex dynamics of 
the respective ecosystems under investigation (Lavorel et al., 2017).

To evaluate how different levels of missing data can affect the 
detection and interpretation of temporal trends in species richness, 
to both the original time series and each of the replicated time series 
with randomly deleted years (i.e. with 100 iterations for each gap 
quantity), we fit two different regression methods: (i) linear models 
using the lme function of the lme4 R package (Bates et al., 2009) and
(ii) generalised additive models using the gam function of the R pack-
age mgcv (Hastie & Hastie, 2015). Each model was constructed with
the total annually observed species richness as the response vari-
able and year as the sole predictor to isolate and assess the temporal 
trends in species richness over time. This approach allows us to focus 
directly on the relationship between time and species richness with-
out introducing additional variables that could confound the analysis. 
By using year as the predictor, we can effectively capture any under-
lying trends or patterns in species richness that may be influenced 
by temporal factors. We chose linear and generalised additive mod-
els because linear models underlie the assumption of monotonicity, 
whereas generalised additive models can offer greater flexibility in 
capturing non-linear relationships within the data. We then com-
puted the Akaike information criterion (AIC), the root mean square 
error (RMSE; a measure of the accuracy of a predictive model, quan-
tifying the difference between predicted values and actual values) 
and explained deviance for each model and replicated time series 
with gaps to assess model fit. The AIC accurately, however, mea-
sures model fit only when computed across models with different 
specifications using the exact same dataset. When a model is fitted 
using a different number of data points (e.g. after the introduction 
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of gaps or their respective filling), the comparability of the AIC is 
limited. However, in this study, we intentionally use the AIC as a di-
agnostic metric to illustrate how the introduction and filling of gaps 
affect the perceived model fit (Nakagawa & Freckleton, 2011). Our 
goal is to explore the sensitivity of AIC to these changes within the 
same datasets rather than to compare model quality directly across 
different datasets. By doing so, we aim to advance on the work of 
Li et  al.  (2024) to highlight the potential pitfalls of relying on AIC 
values when dealing with incomplete data by showcasing the effects 
of both missing and imputed data gaps while clearly acknowledging 
the limitations of this approach. Variance, representing a measure of 
a random variable, and deviance, indicating model fit, although they 
may appear similar, bear distinct conceptual differences. Variance 
quantifies the spread of data points around the mean, offering in-
sights into the variability of a random variable, while deviance as-
sesses the adequacy of a statistical model in explaining observed 
data—particularly in likelihood-based modelling—and serves as a 
key criterion for model selection and assessment (Lei & Bae, 2013; 
Variyath et  al.,  2010). Despite their superficial similarities, these 
three metrics serve fundamentally different roles in statistical anal-
ysis. This comparison between different imputation methods and 
their metrics provides insights into their impact on data integrity. 
Specifically, it highlights how these algorithms influence the number 
of gaps in the dataset and the associated statistical models used for 
analysis. By evaluating these metrics, we can better understand the 
reliability and performance of various imputation methods in main-
taining data quality.

2.3  |  Influence of gap filling on conventional 
modelling methods

We employed the mice function from the R package mice to fill
the randomly introduced data gaps (1, 2, 5 or 10), using a method 
called multiple imputation (van Buuren et al., 2015; Van Buuren & 
Groothuis-Oudshoorn,  2011). This approach fills in missing values 
for the presence and abundance of macroinvertebrate species by 
using species-specific abundance data from before and after the gap. 
The mice algorithm is a flexible imputation framework that can be 
applied to time-series data by treating time (e.g. year) as a predictor. 
While it does not inherently model temporal autocorrelation, it 
estimates missing values based on observed patterns within the 
same dataset. The mice function affords the flexibility to specify 
various imputation parameters, including the imputation method, 
number of imputations and convergence criteria. In this study, we 
applied mice to fill missing years using species richness data from 
each respective time series, without borrowing information from 
spatially related sites, allowing us to assess how different imputation 
strategies influence trend estimation while maintaining the structure 
of the original time series. We therefore opted for the method 
Predictive Mean Matching, a widely used approach deemed suitable 
for numeric data (Kleinke, 2017; Toutain et al., 2024). Predictive Mean 
Matching imputes missing values by selecting variables from a set of 

k ≥ 1 values known as the donor pool (i.e. values occurring within the 
time series). This donor pool consists of values that are closest to 
the predicted value for the missing case (Kleinke, 2017). It thus also 
considers relationships within the time series to generate multiple 
complete versions of the dataset.

Following gap imputation, we re-fitted linear and generalised ad-
ditive models for each time series and subsequently extracted AIC 
values and explained deviance. In addition, we compared the perfor-
mance of Predictive Mean Matching with three additional gap-filling 
methods, namely Weighted Predictive Mean Matching, Random Forest 
Imputations and Random Sample from Observed Values. Predictive 
Mean Matching is an advanced method for handling missing data by 
leveraging predictive modelling (van Buuren, 2018). It first predicts 
missing values based on observed data and then adjusts these pre-
dictions by matching them to the closest observed values in terms 
of mean. Weighted Predictive Mean Matching is a lesser-known ap-
proach which extends Predictive Mean Matching by introducing a 
weighting mechanism during the adjustment process, aiming to 
enhance accuracy by automatically assigning weights to observed 
values. Random Forest Imputations are implemented through the 
MICE R package, which builds multiple decision trees and combines
their predictions into a single output (Shah et al., 2014). The predic-
tors used by the Random Forest algorithm for imputation were the 
same species-specific abundance data used in the other imputation 
methods, along with temporal relationships within the time series. 
Random Sample from Observed Values involves imputing missing val-
ues by randomly selecting observed values from the dataset, provid-
ing a simpler approach compared with predictive modelling methods 
(van Buuren, 2018; Van Buuren, 2011). These approaches also offer 
similar abilities to impute any kind of missing variable (i.e. numeri-
cal, binary, ordered and unordered) within a series of data points, 
but have not been assessed for their suitability to fill missing data in 
long-term biodiversity monitoring data. For this detailed imputation 
comparison, the Swedish time series was selected due to its longer 
duration and higher taxonomic richness, making it ideal for compar-
ative evaluation.

2.4  |  Influence of gap filling on meta-regression 
modelling

While the previous analyses focused on how individual time series 
were affected by missing or imputed data, the meta-regression ap-
proach provides a broader synthesis across multiple altered time 
series. This allows us to systematically evaluate the general effect 
of missing data on trend estimation across different datasets rather 
than examining deviations on a case-by-case basis. Thus, to expand 
the methods used in our study, we also incorporated a monotonic 
Mann-Kendall trend test analysis to perform a meta-regression on 
the 100 randomised time series comprising 1, 2, 5 and 10 gaps, 
respectively, as well as their corresponding filled counterparts. 
With this analysis, we aimed to discern if the (meta-) trend's slope 
(response variable, i.e. S-statistic of the monotonic trend) of each 
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altered time series (with gaps) diverged from the time series after 
gap filling. Meta-regressions are a statistical tool to synthesise and 
investigate trends across different time series that enable the ex-
amination of how various factors or characteristics relate to the 
overarching trends or patterns observed across diverse time-series 
datasets (Soto et al., 2023). Here, we used the number of missing 
years as the predictor variable, assessing its effect on the estimated 
slope of trends. Additionally, the variance associated with each esti-
mated trend slope was incorporated to weight the meta-regression 
model, ensuring that estimates were adjusted for variability in trend 
calculations. Meta-regression models were applied using the rma 
function of the metafor R package (Viechtbauer, 2010).

3  |  RESULTS

3.1  |  Displaying raw data from source populations

The analysis of species richness of the three original 
macroinvertebrate time series, depicted using a loess function 
(i.e. the smoothed curve), revealed distinct patterns. In Denmark, 
species richness was markedly non-linear, as the trend exhibited a 
peak in 2005 (Figure 1a). Conversely, in the Netherlands, time series 
displayed an overall positive trend, characterised by an increase in 
species richness until 2000, followed by a period of almost linear 
stability (Figure  1b). Lastly, in Sweden, time series demonstrated 
a high variability, with a decrease until 2005 followed by a steady 
increase until 2011 and lastly a plateau phase of the community.

3.2  |  Influence of gap filling on conventional 
modelling methods

Random deletion of annual data led to notable deviations from 
the original trend, with the extent of variation with the number of 

deleted years (Figures 2 and 3; left). As the number of deleted years 
increases, the extent of variation and randomness within the time 
series becomes more pronounced. Deleting 1 or 2 years has a mini-
mal impact, allowing for the retention of general trends. However, 
with 5 or 10 years deleted, the data gaps become more significant, 
possibly diminishing the ability to capture nuanced patterns and 
weakening the overall representation of macroinvertebrate popu-
lation dynamics over time. Subsequently, filling these gaps yielded 
further deviation, without conforming to the initial level of observed 
variability (Figures 2 and 3; right panel).

When using linear models to display trends over time, the de-
letion of 5 or 10 years resulted in two of three cases having a de-
viation from the (albeit non-significant) slightly positive trend into 
both more positive and more negative trends. In Denmark, the re-
moval of data cases resulted in an inversion of the trend, which lin-
ear imputation methods exacerbated (Figure  2a–c). Upon filling in 
the missing data, a positive incline in trends was observed, with this 
effect becoming more prominent as the number of filled gaps in-
creased. In the Netherlands, which exhibited an overall positive raw 
data trend, gap filling introduced substantial deviation, but served 
to amplify the positive slope of the trend. Conversely, in Sweden, 
where the raw data demonstrated a flat trend, the filling of gaps led 
to a decline in the deviation from original trends, intensifying the 
negative trajectory with missing data. Notably, when trends were 
analysed using generalised additive models, the estimated variabil-
ity tended to be more pronounced than when analysed using linear 
models (Figure 3a). Pertaining to the ability of generalised additive 
models to display the non-linear nature of time-series data, trends 
(especially in Denmark and the Netherlands; Figure 3a,b) deviated 
substantially from the raw data trend. Filling data gaps resulted in a 
further increase in deviation from the raw data trend, scaled by the 
number of filled data gaps.

As the number of introduced data gaps increased, AIC val-
ues exhibited a declining trend, indicating that the model found 
a more straightforward or ‘plausible’ fit (Figure  4; Supporting 

F I G U R E  1  Original trends (black lines, i.e. raw data) of macroinvertebrate richness sampled in (a) Denmark, (b) the Netherlands and 
(c) Sweden. Differences in visualisation are due to smoothing functions applied in specific figures for trend clarity using a loess function
implemented in the R package ggplot. The grey shaded area indicates the 95% confidence interval.
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Information  S3 and S4). A similar decrease was notably visible 
when these introduced gaps were subsequently imputed, though 
to a lesser extent. In Sweden, AIC values displayed an opposite 
trend, increasing with a greater number of artificially filled gaps. 
Deviance explained did not follow a common trend across the 

three time series, but the variability among imputed trends in-
creased with the number of introduced and, respectively, filled 
gaps (Supporting Information  S5 and S6). In Denmark, the ex-
plained deviance showed a reduction with an increasing number 
of gaps or equivalently filled gaps. Conversely, in the Netherlands 

F I G U R E  2  Variability in time series from (a) Denmark, (b) the Netherlands and (c) Sweden analysed using linear models with randomly 
introduced gaps (left; black: original trend; green: 1 gap; yellow: 2 gaps; orange: 5 gaps; red: 10 gaps) and gaps filled using the mice function 
of the mice R package. Each line represents one of 100 random iterations per gap. Please see Supporting Information S1 for a detailed
breakdown of each time series by the number of missing or, respectively, filled years.

F I G U R E  3  Variability in time series from (a) Denmark, (b) the Netherlands and (c) Sweden analysed using generalised additive models with 
randomly introduced gaps (left; black: original trend; green: 1 gap; yellow: 2 gaps; orange: 5 gaps; red: 10 gaps) and gaps filled using the mice 
function of the mice R package. Each coloured line represents one of 100 random iterations per gap. Please see Supporting Information S2
for a detailed breakdown of each time series by the number of missing or, respectively, filled years.
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and Sweden, there was an observed increase in deviance ex-
plained, albeit with substantial variability, suggesting a more com-
plex pattern in these regions. Generally, the standard deviation of 
the explained deviance was larger in generalised additive models, 

pertaining to its non-linear nature. In contrast to both AIC and de-
viance explained, the RMSE showed almost no change with an in-
creasing number of gaps and, respectively, filled gaps (Supporting 
Information S7).

F I G U R E  4  Akaike information criterion (a) and explained deviance (b), including their respective standard deviation across the 
randomised time series with gaps (blue) and after gaps were filled (purple) to explore model fit for the time series with randomly increased 
gaps (blue) and filled gaps (purple) for the time series from Denmark (left), the Netherlands (middle) and Sweden (right).
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Comparing different gap-filling algorithms, we found substan-
tial differences in performance among the four tested gap-filling 
algorithms (Figure 5). Using Random Forest Imputations and Random 
Sample from Observed Values resulted in considerably less variation 
with the increasing number of filled gaps in both linear and gener-
alised additive models. Weighted Predictive Mean Matching, however, 
resulted in substantial deviation from the raw data trend with in-
creasing gap numbers, with species richness becoming increasingly 
positive (Supporting Information S8).

3.3  |  Influence of gap filling on meta-regression 
modelling

In the case of the time series from Denmark and Sweden, the meta-
regression trend derived from the monotonic trends exhibited a 
slight positive inclination (Figure  6), which remained consistent 
even as the number of gaps and, respectively, filled gaps increased. 

The initially positive trends of time series from the Netherlands, 
however, experienced a reduction in the positive direction of trends, 
decreasing from +100 without gaps to +50 with 10 gaps (Supporting 
Information  S9). In all three cases, the variance of each trend 
decreased with increasing gaps but increased when these were filled 
(Figure 6a–c).

4  |  DISCUSSION

When investigating the impact of missing years and subsequent 
data gap filling using different methods (i.e. imputation algorithms) 
on the accuracy of riverine macroinvertebrate time series from 
Norway, Sweden and Denmark, we found that both the number 
of gaps (hypothesis i) and the increase in filled gaps (hypothesis ii) 
caused richness trends to deviate progressively from the original 
over time. This deviation, causing fluctuations in both directions, 
affects subsequent inferences. While imputing missing values 

F I G U R E  5  Variability in the randomised Swedish time series (chosen due to its length and richness for comparative purposes) analysed 
using linear (left) and generalised additive models (right) after filling 1 (green), 2 (yellow), 5 (orange) or, respectively, 10 (red) gaps using 
Predictive Mean Matching (a), Random Forest Imputations (b), Random Sample from Observed Values (c), and Weighted Predictive Mean Matching 
(d) using the mice function of the mice R package compared with the respective original trend (black). Each coloured line represents one of
100 random iterations per gap.
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may appear to address data gaps, relying on predictive models, 
such as Predictive Mean Matching and its weighted variants to 
infer biodiversity patterns from datasets with over 20% missing 
values can raise critical concerns about the interpretability of the 
outcome from time series. Such approaches, although statistically 
sophisticated, risk amplifying biases and misrepresenting ecological 
dynamics. This becomes particularly problematic when predictor 
variables or covariates (in addition to temporal variables like the 

respective year used in this study) included in models build upon 
time series with imputed data that may ultimately fail to adequately 
capture—and explain—temporal and spatial variability and introduce 
spurious trends or erroneous interpretations. Here, we further 
discuss the importance of adequate selection of statistical models 
and addressing associated uncertainties for the scientific process 
and management interfaces of riverine biodiversity (Lottig & 
Carpenter, 2012; Larson et al., 2023). Only by carefully considering 
these intricacies can long-term data effectively assess biodiversity 
trends and support the conservation of riverine ecosystems.

4.1  |  Data gaps and their implications on 
biodiversity trends

Data gaps within large spatial or temporal datasets are commonly 
caused by irregular sampling, technological issues, financial 
constraints (often fuelled by the perception that funding agencies 
are reluctant to support biomonitoring projects; Geijzendorffer 
et al., 2016) or social and logistic restrictions (Carvalho et al., 2023; 
Hossie et  al.,  2021). In our analysis, such gaps increased both the 
variability of the data and the uncertainty in trend estimates, 
particularly for linear and generalised additive models, with the 
level of uncertainty escalating as more gaps were introduced. This 
challenge has been widely recognised in biodiversity monitoring, 
where gaps are increasingly treated as a missing data problem, 
requiring statistical corrections to improve inference (Bowler 
et al., 2025).

Our results also demonstrate that gaps can distort trend in-
terpretation—especially when the data are non-linear or contain 
temporal fluctuations—which remain ecologically meaningful and 
reflect important dynamics, such as disturbance-recovery cycles or 
successional changes (Collen et al., 2008; Conde et al., 2019; Strayer 
et al., 2017). In the time series from Denmark and the Netherlands, 
for example, post-2005 fluctuations may indicate regime shifts or 
structural changes in macroinvertebrate communities rather than 
random variation, emphasising the importance of retaining and ana-
lysing such variability in biodiversity assessments.

The necessity to interpret incomplete datasets often leads 
to the use of imputation methods, which, while helpful, can ob-
scure underlying patterns, such as boom-bust dynamics (Strayer 
et al., 2017). Additionally, gaps in biodiversity time series are not 
limited to structured monitoring programmes but also extend 
to community science data, where biases in observer effort and 
spatial distribution further complicate trend assessments. While 
community science datasets are often scrutinised for their biases, 
professionally collected datasets are also subject to similar lim-
itations, including observer variability, spatial biases and taxo-
nomic inconsistencies (Binley & Bennett, 2023). Such limitations 
can hamper management and conservation efforts and impede 
progress towards sustainable ecosystem management (Dietze 
et al., 2018; Henry et al., 2023; James et al., 2007; Power, 2008). 
Misinterpretation of trends due to incomplete data can have 

F I G U R E  6  Slope (S-Statistic) averaged across the 100 
randomised introductions of 1, 2, 5 and 10 gaps (blue) and, 
respectively, after being filled with the mice function (purple) for 
the time series from (a) Denmark, (b) the Netherlands, (c) Sweden. 
The black dot indicates the slope of the original time series.
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far-reaching implications, particularly for ecosystem policy and 
management decisions (Hering et  al., 2023) as policymakers and 
other relevant stakeholders heavily rely on accurate trend anal-
yses to formulate effective conservation strategies and policies. 
For example, past misinterpretations of biodiversity decline due 
to data gaps have influenced conservation priorities, such as in 
the case of amphibian population assessments where incom-
plete monitoring led to either overestimation or underestima-
tion of extinction risks, affecting conservation funding allocation 
(Adams et  al.,  2013; Hefley et  al.,  2013). When decision making 
is however derived from incomplete data, there is a risk of allo-
cating resources inaccurately, implementing ineffective conserva-
tion measures (e.g. for floodplain and river restorations; Sinclair 
et al., 2023; Stoltefaut et al., 2024) and fostering an overall mis-
understanding of ecosystem health (Lackey,  2001). In short, the 
repercussions of data gaps extend beyond statistical limitations, 
influencing conservation priorities, ecosystem policy and sustain-
able management practices.

While the focus of this study is on time-series data, as true 
long-term biodiversity time series of annually collected data 
extending over a decade or more are increasingly rare (but see 
Haase et  al.,  2023), other approaches to handling missing data 
often incorporate spatial correlations in addition to temporal de-
pendencies. Methods such as geostatistical modelling (e.g. krig-
ing; Montero et  al.,  2015) and hierarchical Bayesian approaches 
(Schrodt et al., 2015) leverage spatial autocorrelation to estimate 
missing values. However, such spatially driven imputations may 
not always be feasible in long-term monitoring datasets where 
sampling is irregular, geographic coverage is limited, or environ-
mental variability disrupts spatial autocorrelation. While MICE 
does not inherently include spatial information, its framework can 
be adapted to incorporate spatial covariates, potentially enhanc-
ing its applicability for datasets where both temporal and spatial 
gaps exist. Exploring such adaptations could be a valuable avenue 
for future research.

4.2  |  Filling algorithm performance

The performance of filling missing data varied among algorithms. 
Missing data imputation using Predictive Mean Matching has been 
tested before and heralded for its versatility (Maziero et al., 2023), 
although acknowledging potential pitfalls that may lead to biases 
(Allison, 2015; Kleinke, 2017). While several studies (e.g. in medical 
fields) have tested the applicability of numerous imputation 
approaches (Chhabra et al., 2017), and ecological applications exist 
for specific taxa, to our knowledge no study has systematically 
evaluated these methods in the context of long-term, community-
level biodiversity trends using real-world macroinvertebrate 
monitoring data (but see Vink et  al.,  2015; Yang & Kim,  2017). 
Here, we found that filling gaps in time series using Predictive Mean 
Matching did not necessarily reduce the confidence in the observed 
trends; instead, the variability appeared to increase. Interestingly, 

time series characterised by previously flat linear trends exhibited 
an increased negative or positive variance post-imputation. This 
intensification of directionality in trends and variance after filling 
the gaps indicates that the imputation of data may amplify existing 
trends, suggesting a ‘cascading effect’ For instance, time series with 
previously flat trends developed stronger positive or negative slopes, 
while those with pre-existing trends saw these trends become 
steeper. This compounding of trend direction can be seen as a 
‘snowball effect’—where once a directional trend begins, imputation 
tends to strengthen it further. In the case of generalised additive 
models, increasing numbers of imputed data using Predictive Mean 
Matching resulted in substantial deviation from the original trend, 
exceeding the variability observed when gaps were left unfilled. 
However, when complete and consistent annual data are crucial to 
compute reliable temporal biodiversity trends (Sridevi et al., 2018; 
Toutain et  al.,  2024), it is important to consider the choice of 
different gap-filling algorithms, because the performance of gap-
filling success is also influenced by the extent of missing data.

Predictive Mean Matching is often the preferred method of choice 
for imputing missing data due to its ability to incorporate predictive 
modelling which facilitates refined estimates using missing values 
(Chhabra et al., 2017; Shah et al., 2014). By adjusting predicted val-
ues based on the similarity of means between observed and pre-
dicted values, Predictive Mean Matching aims to help maintain the 
statistical properties of the original dataset, thereby contributing 
to the accuracy and reliability of imputations. However, Predictive 
Mean Matching introduced considerable variation into the imputed 
time series as the number of missing gaps increases. Our findings 
suggest that Predictive Mean Matching relies on a more rigid predic-
tive model and may struggle to maintain accuracy as the number of 
gaps increases. The observed deviation in Predictive Mean Matching 
could stem from a sensitivity to missing values and the challenge of 
preserving the original statistical properties of the data under higher 
rates of missingness. An adaptation of Predictive Mean Matching 
that has been argued to be more robust, like Weighted Predictive Mean 
Matching (Maziero et  al.,  2023), performed poorly, potentially due 
to the weighting of observed values, leading to higher species rich-
ness predictions. Hence, filling gaps using Predictive Mean Matching 
as well as Weighted Predictive Mean Matching may not be appropriate 
for time series with a larger number of gaps (i.e. more than ~25% of 
available data, which in our case typically corresponded to 5 or more 
missing years out of 20), while it may work relatively well for single 
gaps. This threshold emerged empirically from our comparisons of 
model behaviour and deviation patterns across increasing numbers 
of gaps and should be seen as a preliminary guide rather than a uni-
versal rule. The observed limitations in the percentage of missing 
data that will hinder the performance of Predictive Mean Matching 
should therefore be subject to further investigation.

Random Forest Imputations and Random Sample from Observed 
Values outperformed Predictive Mean Matching, showcasing re-
silience and flexibility in capturing the underlying temporal pat-
terns even in the presence of substantial missing data, remaining 
closer to the original time series' trend. The use of linear models 
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and generalised additive models was intentional to account for 
both simple linear trends and non-linear patterns in ecological 
time series of limited length, aligning with standard monitoring 
frameworks (Didham et al., 2020). While smaller datasets can lead 
to greater sensitivity in imputation methods, using year as a pre-
dictor in both the imputation process and subsequent regression 
modelling may raise concerns about potential bias but is method-
ologically justified for preserving temporal continuity in ecological 
time-series data. Given the inherent temporal autocorrelation in 
such datasets, excluding year could produce implausible imputa-
tions that distort ecological patterns rather than reflecting real-
istic trends. Validation metrics (e.g. RMSE, explained deviance) 
further confirm that the superior performance of Random Forest 
imputations stems from their ability to capture complex temporal 
dependencies, not from artificially inflated accuracy due to shared 
predictors. As such, the greater methodological fit and superior 
performance of Random Forest Imputations and Random Sample 
from Observed Values compared with Predictive Mean Matching in 
handling the increased gaps in the time series can be attributed 
to several factors. Random Forest's strength lies in its ability 
to capture complex patterns in data, making it more resilient to 
the challenges posed by missing values (Ali et  al.,  2012; Shah 
et al., 2014). The ensemble nature of Random Forest, which com-
bines predictions from multiple decision trees and is less likely to 
be disrupted by incomplete data. Additionally, the Random Sample 
from Observed Values method introduces low additional diversity 
by randomly selecting values from the existing dataset, mitigating 
the impact of biased data (i.e. outliers) on the overall trend.

4.3  |  Gap and gap filling on model fit complexity

While AIC values are comparable across different model structures 
as long as the underlying input data remains the same, we 
observed that an increase in the number of gaps within time series 
corresponded to lower AIC values (Nakagawa & Freckleton, 2011). 
This may be misinterpreted as indicating a more accurate model 
fit overall and even affect model selection procedures (Huque 
et al., 2018), while in fact suggesting that the models may fit easier 
to the data (i.e. time series) with an increasing number of gaps, likely 
due to the reduced data information, and thus fewer penalties for 
the loss of degrees of freedom (Chaurasia & Harel, 2012). However, 
when filling these gaps, we noted a decrease in AIC values in two 
out of three time series (i.e. the time series from the Netherlands 
and Denmark). While lower AIC values typically indicate improved 
model fit, in this context, the decrease likely reflects an escalation 
in model complexity and potential overfitting to the imputed data 
rather than a genuine improvement in explanatory power. This 
increase in AIC following the imputation thus indicates an escalation 
in complexity and, potentially, overfitting of the model to the 
‘complete’ data. The imputation introduces additional data points 
along with associated variability, challenging the model to account 
for these new elements (van Buuren, 2018). These results therefore 

emphasise that lower AIC values in the presence of numerous data 
gaps may create misleading confidence in the model's adequacy. 
The ease of fitting due to data gaps does not necessarily enhance 
accuracy, necessitating a careful interpretation of AIC to ensure 
it genuinely reflects the model's explanatory power rather than 
merely its simplicity (Dennis et al., 2019). It is important to recognise 
that AIC values in such scenarios should not be viewed as absolute 
indicators of model quality but rather as reflective of the changing 
dataset properties. This underscores the need for additional metrics 
and careful consideration of the data context when interpreting AIC 
in studies involving missing data and analyses relying on imputed 
data.

A higher variability in the root mean square error (RMSE) 
when dealing with increasing data gaps or after filling or imput-
ing missing values suggests that the model's predictive accuracy 
is more sensitive to the handling of missing data. This increased 
variability may indicate challenges in accurately capturing the 
underlying time-series trend. Emphasising the importance of ro-
bust imputation methods to minimise the impact of gaps on model 
performance, the average RMSE remained constant over time, 
indicating that the model's overall predictive accuracy was resil-
ient to the challenges posed by missing data. This suggests that, 
while individual predictions might exhibit greater variability in the 
presence of data gaps, the model maintained a consistent level 
of performance on average, reinforcing its reliability in handling 
temporal variations and gaps in the dataset. Deviance explained, 
on the contrary, rescales all values relative to the respective null 
model, thus is more comparable among models than AIC value. 
Contrasting to what we expected, we found that the explained 
deviance varied among models and methods used for gap filling. 
We observed that while the average deviance explained remained 
almost constant, the standard deviation of the deviance explained 
increased as the number of gaps in the time series increased, and 
this pattern remained consistent whether the gaps were filled. The 
rise in standard deviation with more numerous gaps suggests an 
elevated level of unexplained variability introduced by the gaps. 
Therefore, we deduce that both the presence of data gaps and the 
imputation process contribute to the generation of more complex 
models, displaying diverse behaviours to accommodate the intro-
duced variability (Junninen et al., 2004).

However, conventional metrics such as AIC values, the RMSE 
or the deviance explained are arguably not ideal for quantifying the 
impacts of missing data and, respectively, filled data gaps on trend 
analysis, as they may oversimplify the complex interplay of factors 
influencing trends. Consequently, we recommend adopting a more 
nuanced approach to handling missing data in time-series analysis. 
This could involve developing more sophisticated algorithms, in-
cluding those incorporating machine learning methods and compre-
hensive metric evaluations, to provide a more accurate depiction of 
the complex dynamics involved. In this evolving landscape of data 
analysis, it is essential to adopt a holistic framework that not only 
considers AIC values and deviance explained but also accounts for 
the quality and completeness of the underlying data. Recognising 
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the impact of data gaps and potential confounding variables will lead 
to a more robust understanding of ecological trends and ensure that 
any revealed or filled gaps are accurately interpreted.

4.4  |  Meta-regressions with gaps

In evaluating each time series, the impact of introducing and filling 
data gaps varies, highlighting the challenges of managing incomplete 
data and the unique dynamics of each series. For instance, the Mann-
Kendall trend analysis of the time series from the Netherlands shows 
consistent, nearly linear trends. In contrast, the Swedish and Danish 
time series exhibit more complex non-linear trends, as identified by 
the generalised additive model. Here, the removal of years leads to 
notable deviations in the monotonic direction, resulting in less posi-
tive overall trends. Introducing gaps results in estimated trends with 
narrower confidence intervals, suggesting an apparent robustness in 
meta-regressions. This suggests that meta-regressions may be less 
sensitive to individual data gaps or imputation artefacts compared 
with single time-series analyses, especially when trends are aggre-
gated across multiple series. The time series from the Netherlands 
shows a substantial positive trend, likely due to an increase in rich-
ness in the initial years. However, as the number of gaps increases, 
there is a reduction in the richness trend. Conversely, the Swedish 
time series demonstrates higher resilience to gap introduction, imply-
ing a more stable community or reduced variability in external factors 
over time, reinforcing the value of considering both the structure of 
the individual time series and the broader analytical context when 
applying meta-regression methods.

Notably, these fluctuations were increased when the gaps were 
filled using the Predictive Mean Matching algorithm from the mice R
package (Van Buuren & Groothuis-Oudshoorn, 2011), suggesting an 
impact from the imputation on the overall trend (Menéndez García 
et al., 2022). This could be attributed to the Predictive Mean Matching 
algorithm's ability to leverage predictive modelling and matching, 
maintaining statistical properties during imputation. The algorithm 
likely contributes to the alteration of the underlying trend, making 
the impact of gap filling more conspicuous, particularly when con-
sidering the assumed monotonicity in meta-regressions. This nuance 
underscores not just the accuracy of current trend estimations using 
meta-regression but also the reliability of associated ecological in-
ferences, which can deteriorate when time series are altered, for 
example, by imputing missing data.

4.5  |  Implications

The utilisation of diverse methodologies and algorithms can yield 
significantly different outcomes, carrying profound implications 
for water quality management and biodiversity policy formulation. 
(Breznau et al., 2022; Kim et al., 2023). Methodological choices and 
heterogeneous data compilation can influence the interpretation of 
long-term biodiversity trends, as seen in large-scale databases, such 

as BioTime (Dornelas et al., 2018). While these datasets provide in-
valuable resources for biodiversity assessments, previous studies 
have highlighted how analytical approaches can shape the resulting 
conclusions (Choi et al., 2023; Dornelas et al., 2014), underscoring the 
importance of careful methodological consideration in biodiversity 
trend analyses. The imputation of missing data becomes crucial in ad-
dressing gaps that hinder comprehensive assessments, particularly in 
estimating parameters like beta diversity that require relating differ-
ent (e.g. local and regional) information to capture the full spectrum 
of biodiversity dynamics (Toutain et al., 2024). However, imputation 
approaches may cause a substantial deviation from the original or 
‘true’ trend when not applied with substantial care (Allison,  2015; 
White et al., 2011). Missing years or the absence of target species 
observations can have severe implications, especially in environmen-
tal and biodiversity monitoring data, such as for endangered or rare 
species, non-native species or harmful algae blooms, within different 
aquatic ecosystems over time. Also, specific social conjectures such 
as economic recessions or the lockdown caused by the recent COVID 
pandemic can jeopardise data acquisition due to sampling and access 
restrictions (Hossie et al., 2021).

Aside from considering varying performances among the differ-
ent imputation approaches (Shah et al., 2014), our results underline 
the many intricacies of time-series analyses, including the importance 
of carefully considering methodological adaptability in addressing 
missing data and interpreting ecological trends. Moreover, our study 
highlights the resilience of meta-regression methods in mitigating 
the effect of missing data, offering a robust approach for generating 
reliable inferences. While our study focuses on three distinct coun-
tries—Denmark, the Netherlands and Sweden——the selected long-
term monitoring datasets originate from temperate lowland rivers 
that share common ecological and climatic characteristics with many 
other river systems across Europe. As such, they provide insights 
into biodiversity trends at a broader geographical scale, particularly 
within temperate freshwater ecosystems of Europe. The approach 
used here can thus be extended to larger datasets across multiple 
regions, demonstrating its applicability at a continental scale. While 
our study focused on species richness due to its widespread use 
in ecological monitoring and reporting, the analytical framework 
we apply could be extended to other biodiversity metrics, such as 
abundance, turnover or functional diversity. Future applications of 
this approach across a wider range of diversity measures could offer 
further insight into the robustness of ecological inferences under 
different types and levels of data loss. This comprehensive insight 
is essential for making informed decisions in water quality manage-
ment. Therefore, our study emphasises the importance of thought-
ful gap filling ‘whether to fill (or not)’ and careful algorithm selection. 
These practices play a crucial role in guiding evidence-based policy 
decisions and improving riverine ecosystem management practices. 
Consequently, we must exercise caution when deciding whether to 
fill (or not) the gaps in our dataset and in choosing the appropriate 
algorithm for doing so. As demonstrated here, these decisions can 
have important implications for policymakers seeking to develop 
new management strategies.
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Based on our findings, we strongly recommend that the extent 
and nature of missing data from biodiversity monitoring must be 
carefully assessed before applying any imputation methods. These 
recommendations are based on analyses of riverine macroinver-
tebrate time series from three European monitoring sites and may 
not directly generalise to other taxa or regions. When data gaps 
are minimal, simple methods such as Random Sample from Observed 
Values may be sufficient. However, for datasets with more substan-
tial gaps, Random Forest Imputation may be the most robust, as it 
preserves temporal patterns while minimising artificial trend infla-
tion. In contrast, methods such as Predictive Mean Matching and its 
weighted variant should be used with caution, as observed trends 
tended to amplify deviations from the original trends, particularly as 
the number of missing years increased. In cases where biodiversity 
trends are to inform conservation policy and resource allocation, we 
advise against relying on imputed data alone and recommend sup-
plementing analyses with sensitivity tests, assessing the stability of 
trends across different imputation approaches (Christopher Frey & 
Patil, 2002; van der Laan et al., 2018).
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Supporting Information S1. Variability in time series from (a) 
Denmark, (b) the Netherlands, and (c) Sweden analysed using linear 
models with randomly introduced gaps (left; black: original trend; 
blue: 1 gap; green: 2 gaps; yellow: 5 gaps; purple: 10 gaps) and gaps 
filled using the mice function of the mice R package. Each line
represents one of 100 random iterations per gap.
Supporting Information S2. Variability in time series from (a) 
Denmark, (b) the Netherlands, and (c) Sweden analysed using 
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generalised additive models with randomly introduced gaps (left; 
black: original trend; blue: 1 gap; green: 2 gaps; yellow: 5 gaps; 
purple: 10 gaps) and gaps filled using the mice function of the 
mice R package. Each coloured line represents one of 100 random
iterations.
Supporting Information S3. AIC averaged across the 100 replicates 
for each 1, 2, 5, and 10 annual gaps for the time series from (a) 
Denmark, (b) the Netherlands, and (c) Sweden.
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respective standard deviation across the randomised time series 

with gaps (blue) and after gaps were filled (purple) to explore model 
fit for the time series with randomly increased gaps (blue) and filled 
gaps (purple) for the time series from (left) Denmark, (middle) the 
Netherlands, (right) Sweden.
Supporting Information S8. Comparative analysis of imputation 
algorithms on filled gaps evaluated for its performance within the 
context of both statistical models (linear and generalised additive 
model).
Supporting Information S9. Meta-regression model results for (a) 
Denmark, (b) the Netherlands, and (c) Sweden.
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