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Abstract

1. A key aim of many conservation initiatives is to induce a change, however detecting
change from monitoring data can be challenging. Here, we introduce statistical meth-
ods for changepoint detection, demonstrating how this under-utilised analytical approach
can provide practitioners and researchers insight and help in planning ecological restoration

projects.

2. We show why it is important to consider the stage of an ecological intervention as well as
the design of the study and how this impacts the power of detecting a change in observed

data.

3. Practical Implication: We provide user-friendly software and guidance that can be used
to explore and quantify the data needed to detect change, under different settings. This
enables practitioners to understand data requirements before planning monitoring studies,

and effectively manage ongoing projects through all stages.

Keywords: ecological monitoring; evidence-based decision making; experimental design

1 Introduction

Monitoring is a fundamental component of effective conservation and ecological restoration. In
the context of managing a particular area, ecological monitoring can be defined as the regular and
systematic collection of information to track ecological change over time. Site managers commonly
use monitoring to understand the impacts of anthropogenic pressures, to identify priorities for
management, and to evaluate the effectiveness of interventions designed to mitigate those pressures
(Christie et al., 2019). Robust monitoring requires the ability to distinguish natural temporal vari-
ability from changes attributable to anthropogenic threats or management actions, to statistically
assess the magnitude of such impacts, and to interpret their ecological significance (Christie et al.,
2019; Hewitt et al., 2001). Assessing the effectiveness of management interventions is particularly
important for determining whether projects are achieving their stated aims. Such assessment under-
pins accountability to funders and stakeholders, helps to maintain confidence and financial support,
directly informs adaptive management through iterative learning and improvement (Allen et al.,

2011), and contributes to the wider evidence base on what does and does not work in conservation
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and restoration practice (Cardinale et al., 2012; Sutherland et al., 2019; Sutherland and Wordley,
2018).

Despite its importance, effective monitoring is often difficult to incorporate into conservation
and restoration projects. Monitoring programmes can require substantial time, expertise, and fi-
nancial investment, resources that are frequently limited or prioritised towards on-the-ground action
rather than evaluation (Christie et al., 2019; Ockendon et al., 2021; Tinsley-Marshall et al., 2022).
Furthermore, the design and implementation of monitoring programmes requires clear guidance,
which has historically been lacking, although recent efforts have begun to address this gap (e.g.
Beyers and Sinclair, 2022; Ockendon et al., 2021; Torres et al., 2018). Key challenges in monitoring
design include selecting an appropriate experimental framework, identifying suitable variables to
measure, and determining an adequate level of replication (Christie et al., 2019). These challenges
are particularly acute in the context of open-ended restoration systems (Mutillod et al., 2024).

Restoration ecology is defined as the process of assisting the recovery of ecosystems that have
been degraded, damaged, or destroyed (Gann et al., 2019). An increasingly influential set of
restoration approaches adopt an open-ended perspective, emphasising ecological processes over
fixed structural targets and accepting a range of potential trajectories rather than prescriptive end
states (Hughes et al., 2011). This perspective underpins concepts such as Restoration v. 2.0 (Higgs
et al., 2014) and rewilding (Perino et al., 2019), which seek to restore dynamic, self-regulating
ecosystems in which nature has greater autonomy over outcomes (Carver et al., 2025; Mutillod
et al., 2024; Torres et al., 2018). While conceptually appealing, the open-ended nature of these ap-
proaches complicates the monitoring and evaluation of management effectiveness. When end goals
are deliberately flexible, determining whether actions are successful becomes less straightforward.
As a result, projects often rely on broad measures of success, such as increases in biodiversity or
ecological integrity.

Several frameworks have been proposed to support monitoring in rewilding and other open-
ended restoration contexts. These include approaches that compare site-level ecological metrics to
those of a reference ecosystem, such as the BARI framework (Beyers and Sinclair, 2022), concep-
tual models that define success along gradients of reduced human forcing and increased ecological
integrity (Torres et al., 2018), and landscape-scale approaches that utilise short- and long-term

indicators to assess restoration success (Ockendon et al., 2026). Nevertheless, important chal-
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Figure 1: Visualisation of an abstract system changing across three phases and corresponding
gateways: intervention, detectable ecological response, and stabilisation.

lenges remain in how monitoring data are interpreted and used to inform adaptive management.
In open-ended systems, it is often unclear how much deviation from a desired condition should
trigger management intervention, whether intervention should occur once a trajectory has been
established, or how long managers should wait before acting when trajectories appear undesirable,
particularly given the potential for time-lags in ecological responses (Watts et al., 2020).

These challenges highlight the need for analytical tools and conceptual frameworks to support
both the design of monitoring programmes and the interpretation of monitoring data. There is a
need for approaches that clarify what constitutes progress or success in the absence of fixed end

points and that are sensitive to how ecological change unfolds through time.

1.1 Gateways

FEcological restoration is often characterised by long periods of apparently limited change followed

by rapid shifts in composition and structure and, eventually, a slowing of change as the system
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approaches a relatively stable state. Consequently, restoration progress can be conceptualised as a
sigmoid (logistic) trajectory (Lanceman et al., 2025) through time (Figure 1). The vertical axis in
this framework represents an abstract measure of conservation success, encompassing one or more
indicators that reflect project objectives, which could include biodiversity recovery, carbon storage,
habitat condition, ecosystem function, or other measures of ecological value. Individual indicators
may follow different trajectories, but collectively they are expected to reflect increasing restoration
success through time.

This conceptualisation suggests that restoration proceeds through gateways, defined to be points
in time where a system change occurs, and they can be used to determine what monitoring can
realistically achieve. The intervention gateway represents the time a management action was taken,
intending to alter the state of the ecosystem. Examples include species reintroductions, woodland
creation, invasive species removal, or changes in land management. The early phase is characterised
by low levels of observable change in indicators of conservation success. Ecological processes may be
occurring, but their effects remain difficult to detect with monitoring during this phase restricted to
determining whether restoration has failed, for example through the loss of a reintroduced species
or failure of planted individuals to establish. Challenges centre on low detection probability, false
negatives, and limited information content within monitoring data.

The response gateway occurs when the effects of the intervention become detectable in moni-
tored indicators and conservation success begins to increase measurably. In ecological terms, this
gateway marks the transition from a system exhibiting little consistent observable change to one
undergoing active restoration. Although the timing of this gateway is unknown, identifying when it
has been crossed is a primary objective of monitoring because it provides evidence that restoration
processes are progressing as intended.

The ecosystem subsequently enters a middle phase characterised by accelerating change. Pop-
ulations increase, communities reorganise, ecosystem functions develop, and restoration outcomes
become increasingly evident. Monitoring can move beyond simply assessing failure and towards
understanding the processes that underpin ecosystem development and resilience. Although restora-
tion trajectories can be evaluated during this phase, it is often still too early to assess the ultimate
objectives of restoration.

The stabilisation gateway, representing the point at which rates of change slow and the ecosys-
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tem approaches a relatively stable condition, may correspond to a new equilibrium, an alternative
stable state, or a long-lived transient state. Crossing this gateway indicates that the major struc-
tural and functional changes associated with restoration have largely occurred and that the system
is transitioning from development towards persistence. During the late phase, indicators of suc-
cess fluctuate around a relatively stable level and restoration outcomes can be evaluated directly.
Monitoring can now focus on long-term objectives such as biodiversity recovery, ecosystem service
provision, carbon storage, and resilience, while continuing to assess the potential for future change.
For many restoration projects, particularly those with open-ended objectives and uncertain
ecological trajectories, success cannot be adequately assessed using a single predefined endpoint.
Instead, progress must be evaluated relative to the expected development of the system through
time. We therefore suggest that monitoring programmes should be explicitly designed to identify
when gateways have been crossed. The passage of gateways provides measurable milestones along
the restoration trajectory, allowing practitioners to assess progress, evaluate success, and inform
adaptive management even when ultimate restoration outcomes may take decades to emerge.
Within this framework, gateway transitions are expected to manifest as detectable shifts in
ecological time series. Because each gateway reflects a change in the underlying processes governing
ecosystem dynamics, crossing a gateway should alter the behaviour of monitored indicators, whether
through changes in abundance, occupancy, rates of increase, variance, community composition,
ecosystem function, or other measures of conservation success. Detecting these shifts provides
evidence that the system has entered a new phase of recovery and within this paper we demonstrate
how changepoint methodology provides a tool for identifying such transitions, supporting adaptive

management throughout the restoration process.

2 Changepoint detection

A changepoint is the point at which there is a change in the structural pattern of a time-series.
The segments of data before and after a changepoint are expected to be distinctively different
in some way, whilst the observations within a segment are assumed to follow the same distri-
bution. The changes in patterns can be explained by structural shifts in statistical properties,

these include a mean shift, variance or covariance structure change, trend change and distribution
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change. Changepoint analysis has been used within many different fields, including bioinformatics
(Liehrmann et al., 2023), movement ecology (Edelhoff et al., 2016), space science (Xu et al., 2021),
climate science (Tso et al., 2022), psychology (Mardanbegi et al., 2018), political science (Wang
et al., 2024), and engineering (Hamed et al., 2026).

Depending on how data are collected and how the information from the analysis will be used,
the methods for changepoint detection can be divided into two categories: offline (or retrospective)
detection and online (or streaming) detection. For offline changepoint detection, the full time
series is observed and the goal is to identify at which time point in history the structural change
occurred. For online changepoint detection, the time series data are still being observed as time
goes by and the goal is to flag when a change has occurred as quickly as possible whilst not creating
too many false alarms. Depending on the problem, there may be more than one changepoint in the
time series. Hence, the detection methods can be further grouped into those for detecting single
or multiple changes. For the purpose of this paper, we focus on detecting a single changepoint,
identifying a specific gateway and consider both offline and online detection as both scenarios are
relevant to our setting.

Let y; denote the observation at time ¢, y1., denote the full time series of length n, and ys.. the
segment from time s to e. We denote the changepoint by 7, 0 < 7 < n + 1, where the time series
Y1.n is divided into 2 segments. All observations within segment yi., are assumed to follow the
same distribution, whilst the distribution of observations in segment y(,1)., will differ from that
of segment y;.,. A typical changepoint model with a single changepoint at time 7 can be written

as

fl(yt;el) ) t S T

(1)

Yt
fo(y;02) , t>71

where @1 and 0- are vectors of parameters of the models before and after the changepoint.

A standard approach for offline changepoint detection is to construct test statistics, based on
all available data yi.,, that can reflect the difference between the segments before and after the
changepoint. Under the null hypothesis of no change, the sample test statistic should be small and
randomly fluctuating around zero. If the sample test statistic grows and passes a certain threshold,

then there is a high probability that a change has occurred. The time point corresponding to the
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maximum test statistic above threshold will be identified as the changepoint (Figure 2).

15- True changepoint
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Time index
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Figure 2: Illustration of offline detection of a single changepoint. The top panel shows the time
series with a trend change. The bottom panel shows the test statistics reflecting the contrast before
and after all potential changepoints. The changepoint is identified where the maximum of the test
statistics occurred, providing the test statistic passes certain threshold.

Online changepoint detection methods make use of test statistics based on data collected up to
current time yj.¢, e.g., cumulative sum (CUSUM) type statistics (Page, 1954; Aue and Kirch, 2024),
to evaluate the deviation of the distribution of the time series from the null hypothesis. As more
observations after a change are collected, the evidence for a change grows. Once the test statistic
passes the threshold, a claim can be made that a change has occurred at time 7 < ¢ (Figure 3).

A large collection of changepoint detection methods are available for offline and online detection.
Depending on the type of change, the inference problem, the length of the time series, and the
dimension of the data (i.e., whether it is univarite or multivariate), different methods may be
utilised for the specific modelling tasks. For example, offline methods such as PELT (Killick et al.,
2012) and FPOP (Maidstone et al., 2017) aim to improve the computational efficiency for large
n through the use of (functional) pruning; online methods include Bayesian online changepoint
detection (Fearnhead and Liu, 2007), FOCuS (Romano et al., 2023), and the forecast error-based
detection (Grundy et al., 2026). All these methods have the flexibility of handling a variety of

structural changes in the time series, from the basic mean and variance change to the more complex
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Figure 3: Illustration of online changepoint detection using CUSUM-type test statistics. The top
panel shows the time series with a trend change. The bottom panel shows the CUSUM-type
statistics. The light grey curves represent the “future” time series that are unobserved. A change
is declared when the test statistics passes certain threshold.

change in model coefficients, orders, and correlation structure. In the simulation study below, we
will focus on three methods which we feel are most relevant for the ecological restoration context

we are considering.

3 Simulation study

To demonstrate the potential of the use of changepoint methodology within this setting, we present
a detailed simulation study. We consider the experimental design with, (1) paired control and
intervention time series, with observations from both before and after the management, referred
to as BACI (Before-After-Control-Intervention), and (2) only the intervention time series, with
observations from both before and after the management, referred to as BA (Before-After). We
assume that the time series of the variable of interest are observed directly. After the intervention
is applied, a change in trend is expected in the time series from the intervention plot, which would
make the intervention time series deviate from the time series from the control plot (or from the
pre-intervention period if no control data is available). There may be a delay before the onset of

the change in trend, hence the true changepoint location is unknown in practice. For this scenario,
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a series of increasing trend coefficients, reflecting different sizes of trend changes, are considered,
alongside both independent and auto-correlated time series. An example of the simulated time
series is given in Figure 4. An alternative scenario of a change in distribution is presented in the

Supplementary material.
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Figure 4: Change in trend after intervention (24 time points before intervention, 120 time points
after intervention). (Top) Simulated time series from the control (red curve) and the intervention
(blue curve) plots. (Bottom) The difference between the intervention and the control time series.
The dotted vertical line indicates the (simulated) changepoint location.

Both BACI and BA scenarios require the detection of a change in trend. Therefore, we consider
the generic change in regression coefficients model. With a changepoint at 7, the model can be

written as

a1+ Pit+e , t<T

(2)

Yt
o+ T+ (B +HALB)t—T)+€e , t>T

where there is a step change in the linear trend coefficient of size AS after time 7. We denote
the trend coefficient after the changepoint as 8o = 51 + AS. Most changepoint methods assume
the noise (error) series, €1.,, to be independent but in reality it can be auto-correlated. The
most common auto-correlation see in practice is an AR(1) model, that is, ¢, = ¢e—1 + ug, where

ug is white noise. For the BACI-type experiment, we detect changes by measuring the difference

10
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between the intervention and control time series, as this avoids having to explicitly model dynamics
we are not interested in. For the BA-type experiment, we investigate the difference between the
time series before and after intervention and consider two sampling frequencies, mimicking the
difference between a monthly (higher frequency) and annual (lower frequency) sampling rate (Table

1). Further detail is provided in Supplementary Material B.

Table 1: Summary of the simulation design and changepoint detection algorithms.

Trend change Distribution change
BACI 4+ ind. BA +ind. BA + AR(1) BACI BA

Higher frequency

Offline AMOC AMOC AMOC AMOC AMOC
Online Forecast Forecast Forecast Forecast Forecast
Lower frequency

Offline AMOC AMOC - AMOC AMOC
Online BOCPD BOCPD - BOCPD BOCPD

3.1 Changepoint detection methods

Offline changepoint detection is used to illustrate how the size of trend change and the length of
monitoring period after intervention affects the accuracy of changepoint detection whilst online
changepoint detection is used to illustrate a more practical application, which addresses the key
question of “how long after the intervention will one be able to detect a change in the time series?”.

Time series data from restoration experiments are often short and offline changepoint detection
methods, such as the at most one change (AMOC) method (Beaulieu et al., 2024), are adequate
to identify the changepoint location. For online changepoint detection, we consider the forecast
error-based (Forecast) method (Grundy et al., 2026) and the Bayesian online changepoint detection
(BOCPD) method (Fearnhead and Liu, 2007) for detecting the changes in the regression models.
The Forecast method is used for detecting changes in high frequency (monthly) time series, and
the BOCPD method is used for lower frequency (yearly) time series. This is due to the con-
sideration that the Forecast method relies on an appropriate forecasting model constructed from
pre-intervention data, which is impossible to obtain in the lower frequency setting where there are
only two observations pre-intervention. Note, if a model was available from another setting or
experiment, it could be used. Additional technical details about the AMOC, Forecast and BOCPD

methods are provided in Supplementary Material C.
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3.2 Results from the simulation study

For offline detection scenarios, a changepoint is considered correctly identified if the estimated
changepoint is within the +12 time points interval of the true changepoint for higher (monthly)
frequency time series, and within the 1 time point interval for lower (yearly) frequency time series.
The true positive rate (TPR) and false discovery rate (FDR) for different combinations of change
sizes and post-intervention time series lengths are visualised as heat maps (Figures 5 and 6). For
the online detection scenarios, summaries of the detection delay are given in Tables 2 and 3.

Note that the FDR is calculated as the proportion of simulation replicates that incorrectly
identify the changepoint out of the simulation replicates that return a positive claim that there
exists a changepoint. In the combinations with small change size and short post-intervention time
series, the number of replicates with a positive claim of a changepoint can be very low. If these
claims are mostly correct, then the FDR would be low. However, the reality is that only a few
replicates successfully identified a changepoint, suggesting that the algorithms struggle to detect
the true changepoint. Therefore, the heat maps of TPR and FDR need to be considered jointly.

From Figures 5 and 6 we observe that the size of the trend change in the intervention time
series has a large impact on the accuracy of changepoint detection (reflected by the TPR). The
length of the time series after intervention also impacts the changepoint detection. At very short
post-intervention length, the TPR is visibly worse when compared to the TPR from a longer length.
The impact of length becomes less substantial after the size of change goes beyond certain level
(i.e., at around 20% for higher frequency independent time series and 40% for lower frequency data
independent time series). The heat maps of FDR show a similar pattern, apart from the size and
length combinations showing at the bottom left corner of the maps, which is a consequence of the
definitions being used, explained earlier.

When the time series are auto-correlated, the detection of the changepoint becomes more chal-
lenging. Within Figure 6, we see that for time series of the same length, it requires a larger size
of change for the algorithm to detect a change accurately in the auto-correlated time series. In
addition, strong auto-correlation can create an artifact that looks like a trend, which can be mis-
taken as a changepoint by the detection algorithm. This explains the decrease of TPR with the

increase of post-intervention length at smaller change sizes in the two heat maps for the scenarios

12
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Figure 5: Heat maps showing true positive rates (TPR, top) and false discovery rate (FDR, bottom)
of different combinations of post-intervention length and percentage change to pre-intervention level
from the offline changepoint detection using AMOC, for trend change scenario BACI 4 independent
noise. The left column shows results for time series with higher (monthly) sampling frequency and
the right column shows results for time series with lower (yearly) sampling frequencies.

with AR(1) noise. This also echos the increasing FDR recorded for these combinations, due to the
spurious changepoint detection.

From Tables 2 and 3 we see that for online changepoint detection using either the Forecast
method or the BOCPD method, we observe similar impact from the size of changes on changepoint
detection. Both the detection delay and the accuracy of changepoint detection improve as the size
of change increases. The TPR from the simulation using the Forecast method on higher frequency
data increases from around 50% to 95%; whereas the true positive rate from the simulation using
BOCPD on lower frequency data show a more dramatic increase as the sizes of change increases,
around 10% to 95%.

The Forecast method struggled with the online detection of changepoint in time series with
AR(1) noise (Table 3). The TPRs are lower across almost all change sizes as compared to the
independent scenario, despite the smaller detection delays. This can be explained by the short

pre-intervention period, which does not provide enough data to build a reliable prediction model.
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Figure 6: Heat maps showing true positive rates (TPR, top) and false discovery rate (FDR, bottom)
of different combinations of post-intervention length and percentage change to pre-intervention level
from offline changepoint detection using AMOC, for trend change scenario BA + independent noise
(left column), BA + AR(1) noise with ¢ = 0.5 (middle column) and BA + AR(1) noise with ¢ = 0.8
(right column), all with higher (monthly) sampling frequencies.

Increasing the pre-intervention data improves results.

Table 2: True positive rate (TPR), mean detection delay and standard deviation of delay from
online changepoint detection of the first change in trend under BACI with independent errors. The

Forecast method was used for higher frequency time series, and the BOCPD method was used for
lower frequency time series.

Size of change 5% 10%  20% 30% 40% 50% 60% T70% 80% 90%
Higher frequency

TPR 0.55 073 087 092 095 094 095 095 0.95 0.96
mean delay 29.90 28.24 17.33 13.42 11.50 9.60 9.08 &8.01 7.59 7.09
std. dev. delay | 25.50 22.87 12.03 8.04 6.34 5.61 4.63 4.33 3.83 3.47
no detection 121 25 0 0 0 0 0 0 0 0
Lower frequency

TPR 0.12 019 049 074 086 092 093 095 094 0.95
mean delay 5.03 519 479 392 325 275 244 228 212 2.06
std. dev. delay | 2.74 258 221 1.80 1.28 0.88 0.65 0.53 041 0.32
no detection 721 612 245 40 3 3 0 0 0 0

When time series are short, using AMOC for auto-correlated data may be more appropriate.

14
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Table 3: True positive rate (TPR), mean detection delay and standard deviation of delay from
online changepoint detection of the first change in trend under BA with independent or AR(1)
errors. The Forecast method was used for both scenarios which have higher sampling frequencies.

Size of change 5% 10% 20% 30% 40% 50% 60% 70% 80% 90%
Independent

TPR 0.64 081 092 093 095 095 094 096 095 0.97
mean delay 30.17 23.28 14.00 10.55 9.21 791 7.13 6.69 6.10 5.73
std. dev. delay | 26.39 17.07 8.26 6.14 486 4.17 4.01 3.57 3.16 297
no detection 67 2 0 0 0 0 0 0 0 0
AR(1), »=10.5

TPR 0.63 071 081 085 0.8 089 0.89 0.88 0.89 0.88
mean delay 15,71 14.77 9.10 7.43 6.29 522 4.78 4.21 3.72 3.47
std. dev. delay | 21.94 19.83 11.81 9.35 737 6.81 6.12 5.89 5.55 5.33
no detection 32 6 0 0 0 0 0 0 0 0

Each time a new observation is obtained, the AMOC procedure is rerun to see if any time point in
history can be a changepoint. This recursion may be stopped after a changepoint is detected for the
first time. Across all scenarios, it is clear that a lower sampling frequency makes the changepoint
detection harder for both offline and online methods. A larger size of change is required to achieve
a similar true positive rate or detection delay, however the presence of a control time series does

not appear to have a large impact on the results.

3.3 Software

We provide R code to help practitioners explore scenarios that more closely match the parameter
values expected in their own studies!, with R scripts provided for each of the simulation scenarios
listed in Table 1. The code leverages the changepoint.forecast package? for implementing the
forecast error-based method and the transport package (Schuhmacher et al., 2024) for evaluating
the Wasserstein distance.

For users who prefer an interactive interface, we additionally provide a Python Streamlit web
application, TRACE (Temporal Restoration Analysis for Changepoint Estimation), that reproduces
these scenarios in a browser®. The application brings together all the detection methods considered
in this paper, allowing practitioners to compare their behaviour under a common set of assumptions.

Users can adjust the simulation inputs directly through interface controls (for example the effect

!The R scripts are available on GitHub at: https://github.com/GMY2018/SimRewilding
“https://github.com/grundy95/changepoint . forecast
3The source code for the web application is available on GitHub at: https://github.com/M-DICE/trace
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size, the timing of the intervention, the length of the monitoring window, or the noise level), allowing

exploration of relevant empirical findings for specific studies.

4 Discussion

Changepoint detection is a well-established statistical approach that has been applied across a wide
range of disciplines to identify significant shifts in temporal data. Despite its broad use elsewhere,
its potential for ecological restoration monitoring remains largely unexplored. Many contempo-
rary ecological restoration approaches, particularly those aiming to restore ecological processes
and promote self-regulating ecosystems, do not have clearly defined targets, trajectories, or end
points against which success can be measured. Consequently, assessing ecosystem responses to
management interventions can be challenging.

For ecological restoration, progress may be more usefully evaluated in relation to the restoration
trajectory itself. Under the conceptual framework developed here, restoration can be viewed as a
progression through a series of ecological gateways, beginning with intervention, followed by a de-
tectable ecological response, and ultimately the emergence of a relatively stable restored state. The
passage of these gateways provides a set of measurable milestones against which restoration progress
can be assessed, even when the ultimate endpoint remains uncertain. From this perspective, evi-
dence that a system has passed through successive gateways represents increasing confidence that
restoration is progressing in the desired direction (or not). Monitoring therefore shifts from asking
whether a predefined target has been achieved to asking whether the ecosystem has undergone
meaningful changes consistent with recovery and development

This trajectory-based perspective is consistent with existing frameworks for monitoring eco-
logical restoration (e.g., Ockenden et al. 2025). Changepoint approaches offer a complementary
quantitative tool for operationalising long-term indicators of recovery and assessing whether sys-
tems are undergoing directional, rather than transient, change and can be used to link empirical
findings to conceptual restoration trajectories. The gateways framework recognises delayed ecolog-
ical responses, highlighting the patience required to distinguish meaningful change from short-term
variability. It also identifies how monitoring approaches and measures of restoration success should

change as ecosystems progress through recovery stages. The tools provided can be used to identify
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how much data is required before you can expect to detect a change, and can be used to inform
management and monitoring decision-making. We highlight that detection of a change does not
imply causality and any detected changes should be considered in conjunction with causal inference
to ensure erroneous conclusions are not reached.

The changepoint detection methods within this paper are all structured within a linear mod-
elling framework and at short temporal scale this is usually a good approximation (see Figure 1).
It is however, worth highlighting we have considered a simple model structure here, and higher
order, non-linear terms or more complex correlation structures are often included when detecting
changepoints in environmental data, see e.g., Gallagher et al. (2012); Shi et al. (2022).

Extensions of changepoint detection methods for multivariate data exist, e.g., Healy (1987);
Matteson and James (2014); Pishchagina et al. (2026), which can be useful if it is anticipated that
variables are going to exhibit similar changes in mean, rate or covariance structure. However, if
variables respond differently to a given intervention, this can create additional noise in the data and
it would be better to consider univariate methods on individual variables. Similarly, spatiotemporal
changepoint detection (Agarwal et al., 2025; Holloway and Killick, 2024) may also be of interest,
but consideration would need to be given to the structure of experimental design in an ecological
restoration context to evaluate the potential for such methods to contribute in this area.

The time-scale and magnitude of expected changes will vary dramatically for different studied
systems, as will the feasibility for collecting data across variables. The analytical tools we have
presented allow exploration of data needs and taking such an analytical approach will ensure that

monitoring can help contribute to the broad evidence-base for ecological restoration.
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e Supplementary Material

0 A. Glossary of Terms

200  Within this section we define some of the general terms used within the paper.

401 e Adaptive Management: An approach to natural resource management that emphasizes
402 learning through management based on the philosophy that knowledge is incomplete and
493 much of what we think we know is actually wrong, but despite uncertainty managers and
404 policy makers must act (Walters, 1986).

495 e Changepoint: the point at which there is a change in the structural pattern of a time-series.
496 Mathematically, this corresponds to the time point which divides a data set into distinct
497 homogeneous segments (Eckley et al., 2011).

408 e Ecological Monitoring: The regular and systematic collection of information about an
409 ecosystem to track changes over time.

500 e Ecological restoration: The process of assisting the recovery of an ecosystem that has been
501 degraded, damaged, or destroyed (Gann et al., 2019).

502 e Ecological Restoration v 2.0: An approach to ecological restoration that uses historical
503 knowledge as a guide and not as a template, accepts multiple potential trajectories for ecosys-
504 tems, emphasizes process over structure, and embraces pragmatic goals for human well-being
505 (Higgs et al., 2014).

506 e Gateway: Points in time where a system change occurs.

507 e Milestone: A significant point or event in a project that marks the completion of a major
508 phase, deliverable, or decision point.

500 ¢ Open-ended restoration: An approach to ecological restoration which views restoration as
510 a journey whose destination is uncertain rather than necessarily producing specific habitats
511 or species populations (Hughes et al., 2008).

512 e Rewilding: The process of rebuilding, following major human disturbance, a natural ecosys-
513 tem by restoring natural processes and the complete or near complete food web at all trophic
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levels as a self-sustaining and resilient ecosystem with biota that would have been present had
the disturbance not occurred. This will involve a paradigm shift in the relationship between

humans and nature (Carver et al., 2025).

e Time-series: A sequence of data points recorded in chronological order, typically at regular

intervals.

B. Technical details of simulation study settings

(1)

Size of changes: For both change types, a series of different change sizes are considered. In
particular, the sizes of changes (in trend coefficient for change type A or in the location
changes for change type B) are specified as percentage change to the pre-intervention level.
For example, if the pre-intervention mean is u = E[y], then the post-intervention trend
would be 6%, for a series of increasing 6%. In this simulation study, we will consider

0% = 5%, 10%, 20%, - - - , 100%.

Sampling frequency: For both change types, for the same rate of change, a higher and a lower
sampling frequencies will considered, mimicking the monthly and annual sampling frequencies.
That is, the sampling frequency of the higher frequency time series is 12 times that of the
lower frequency time series. For a fair comparison of the impact of sampling frequencies, we
further assume that the same amount of change will be observed in a given period of time,
regardless of sampling frequencies. Therefore, if the higher frequency time series has trend

coefficient 3, then the lower frequency time series will have trend coefficient g* = 12 x .

Length of time series: Based on a typical experimental design, the length of the pre-intervention
period is set to 24 for higher frequency time series and 2 for lower frequency time series, and
the maximum length of the post-intervention period is set to 120 for higher frequency time
series and 10 for lower frequency time series. For the “BA + AR(1)” scenario, only the
higher frequency time series are simulated due to data requirements for the increased model

complexity.

Time delay: To mimic the real-life situation, we simulate the time delay before the intervention

starts to take effect from a uniform distribution. In particular, we use U(1,20) for higher
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(6)

(1)

frequency data and U(1,2) for lower frequency data. The time delay can have some influence

on the result, as it results in a longer period of “pre-change” data.

Auto-correlation: Two levels of auto-correlation are considered for the AR(1) noise in the
simulated time series. They are ¢ = 0.5 for a moderate auto-correlation and ¢ = 0.8 for a
strong auto-correlation. This can help us better investigate the impact of auto-correlation on

changepoint detection.

Simulation runs: Each scenario is replicated 1000 times with distinct random seeds.

C. Technical details about AMOC, Forecast and BOCPD methods

Here we provide some details on the offline and online detection methods used in this simulation
study. For offline changepoint detection, we used the at most one change (AMOC) method to
determine the location of the changepoint provided it exists. For online changepoint detection, the
forecast error-based (Forecast) method and the Bayesian online changepoint detection (BOCPD)
method are used. Both methods process the data sequentially and can flag a changepoint once

certain detection criterion is met.

For offline changepoint detection using AMOC, the test statistic
€
Tinaz = I}}Bﬁ‘; |TT‘ ’ (3)

is computed for each simulated time series, where

Ba(r) = Bi(7)

and s is the beginning of the intervention, e is the end of the observing period, and 3 (1) and
BQ(T) are estimated assuming that there is a changepoint at 7. If T}, is greater than some
estimated threshold, then the 7 that corresponds to T.q. is identified as the changepoint.
The threshold used in the simulation study are obtained via Monte Carlo simulation. As time

series of different lengths are considered, different thresholds are simulated for different length
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sizes (i.e., at log(n) sizes). A similar approach is used in Beaulieu et al. (2024) to investigate

whether a global warming surge is detectable.

For online changepoint detection using the Forecast method, we stop the algorithm once the
CUSUM-based test statistic goes beyond the estimated threshold. In particular, the test

statistic is computed as

m+k L m
Q(m,k): Z Et—fZGt
t=m+1 m t=1

where m is the length of the training time series (which is used to build the forecast model)
and k is the length of the post training period. In this simulation study, m is taken to
be the length of the pre-intervention time series. A changepoint is declared the first time
T'(m, k) passes certain threshold, which can be derived based on asymptotics or obtained via
simulation. Detail of the Forecast method can be found in Grundy et al. (2026). In this
study, the Forecast is applied to the higher frequency scenarios. This is because the Forecast
method relies on an adequate forecast model, which may be difficult to obtain on a small

number of observations in a lower frequency scenario.

For the BOCPD method, we stop the algorithm once the first changepoint 7 (7 > 0) is
identified from the maximum a posterior (MAP) estimation. In a nutshell, the BOCPD
method assumes a hidden process z;, which represents the last changepoint before the current
time ¢ (i.e., zz = s means the last changepoint before t is at s). Given the hidden process,
the likelihood of all segments in the time series up to current time can be evaluated, and the
posterior distribution of z; given observed time series yi1.; can be obtained iteratively under
the Bayesian framework. From the posterior probabilities, one can get the MAP estimation
of the first changepoint. Details of the BOCPD method can be found in Fearnhead and Liu
(2007). In this study, BOCPD is applied to the lower frequency scenarios as an alternative
to the Forecast method. This is because the BOCPD method does not require such models
and hence can be applied to lower frequency time series. However, BOCPD requires the user

to specify the prior distributions and some essential global parameters in order to initialise
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the algorithm. Therefore, its implementation is not as straightforward as the forecast error
method. In the simulation study, the Normal prior is given to the trend coefficients and the
inverse-Gamma prior is given to the residual variance. The geometric distribution is used as

the run-length distribution, giving a fixed transition probability at each time step.

D. Change in Distribution Scenario

This scenario considers that the distributions of the variable of interest (e.g., distribution of tree
sizes) over time are observed. After intervention, it is expected that the distribution of the variable
from the intervention plot start to diverge from the distribution of the variable from the control plot
(or from the pre-intervention period if no control data is collected). Similar to the trend change,
there may be some delay before the change happens. For this case, time series of distributions with
location change will be simulated. An example of the simulated data is given in the top panel of
Figure 7.
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Figure 7: Change in distributions after intervention (24 time points before intervention, 120 time
points after intervention). (Top) The histograms are the simulated distributions, assuming increas-
ing mean after intervention. (Bottom) The time series of Wasserstein distance metric. The dotted
vertical line indicates the changepoint location.

For the time series of distributions, we first create certain type of distance metric that can reflect
the changes in the distributions. Note that although there are methods (e.g., non-parametric

changepoint detection methods) for detecting a change in distribution, they are designed for a
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different setting from the one considered in this study. Here, a sample of m observations {z}*,
is collected at each time point, and we are interested in the change of distributions of {x4;}i",
at each time t. Whereas the non-parametric detection methods typically consider the problem of
whether the distribution of x1.; is different from that of z(;,1).,. Therefore, in this case, we choose
to convert the difference between two distributions to the Wasserstein distance metric and apply
changepoint detection methods to the time series of distance metrics. Specifically, for the BACI
scenario, the Wasserstein distance is taken to be the distance between the distributions from the
control and the intervention plots at time ¢; whereas for the BA only scenario, the Wasserstein
distance is taken to be the distance between the distribution at a post-intervention time ¢ and the
distribution from the pre-intervention (or baseline) period. The bottom panel of Figure 7 shows an
example of the time series of the Wasserstein distance from the BACI scenario.

The results from the simulation are shown in Figures 8, 9 and Table 4. Similar to the change in
trend scenario, the size of the parameter change plays an important role in changepoint detection
using the AMOC method. The length of the post-intervention period also affects changepoint
detection substantially. At very short post-intervention length, the TPR is visibly worse. Although
the impact of lengths becomes much smaller when the size of change goes beyond certain level
(about 20% of the mean level in this study). For online changepoint detection using either the
Forecast method or the BOCPD method, we observe similar impact from the size of changes on
changepoint detection. Both the detection delay and the accuracy of changepoint detection improve
as the size of change increases. The TPR from the simulation using the Forecast method on higher
frequency data increases from around 40% to 95%; whereas the TPR from the simulation using
BOCPD on lower frequency data increases from 0% to nearly 100%. The sampling frequency can
affect both the accuracy in offline detection and the detection delay in online detection. Although
the difference becomes smaller as the size of change gets larger. Whether there is a control time

series or not does not appear to have a large impact on the result.
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Figure 8: Heatmaps showing true positive rates (TPR) and false discovery rate (FDR) of different
combinations of post-intervention length and percentage change to pre-intervention level from offline
changepoint detection using AMOC, for time series of distribution change under BACI. The left
column shows results for time series with higher sampling frequency and the right column shows
results for time series with lower sampling frequencies.

Table 4: True positive rate (TPR), mean detection delay and standard deviation of delay from online
changepoint detection of the first change in distribution under BACI with independent errors. The

Forecast method was used for higher frequency time series and the BOCPD method was used for
lower frequency time series.

Size of change 5% 10%  20% 30% 40% 50% 60% 70% 80% 90%
Higher frequency

TPR 0.40 056 0.85 095 095 095 0.95 094 0.95 0.96
mean delay 32,97 21.32 13.45 10.21 845 7.15 6.35 5.62 5.33 4.97
std. dev. delay | 24.02 12.62 7.10 5.28 4.23 3.77 346 3.20 2.74 275
no detection 0 0 0 0 0 0 0 0 0 0
Lower frequency

TPR - 0.00 041 0.89 099 1.00 1.00 1.00 1.00 1.00
mean delay - 833 749 5.69 422 345 3.06 2.83 252 221
std. dev. delay - 1.30 146 142 0.84 058 0.40 0.40 0.50 0.41
no detection 1000 988 411 11 0 0 0 0 0 0
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Figure 9: Heatmaps showing true positive rates (TPR) and false discovery rate (FDR) of differ-
ent combinations of post-intervention length and percentage change to pre-intervention level from
retrospective changepoint detection using AMOC, for time series of distribution change under BA.

The left column shows results for time series with higher sampling frequency and the right column
shows results for time series with lower sampling frequencies.
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