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ABSTRACT
We present an update of the Irish Hydrometric Reference Network (IHRN) of river gauging stations from across the Republic 
of Ireland that have been deemed suitable for assessing climate-driven changes in high, mean and low flows. Selection crite-
ria, analysis of metadata and historical flows, and stakeholder feedback are applied to identify 51 stations for inclusion in the 
network. Missing daily data were infilled using a conceptual hydrological model and an Artificial Neural Network. As well as 
providing a dataset for monitoring and detecting the impact of changing climatic conditions on Irish catchments, the updated 
IHRN offers utility for assessing extremes of flood and drought and for modelling future flow regimes via climate change impact 
assessments.

1   |   Introduction

High quality, long-term observational records are fundamental 
for understanding the impact of climate variability and change 
on river flows (Dixon et al. 2006; Chiverton et al. 2015; Garner 
et  al.  2015). Flow records with notable anthropogenic influ-
ences (e.g., drainage, irrigation, abstractions and discharges, 
river flow management), inaccurate rating curves at extremes, 
limited length and/or containing considerable missing data, 

may provide inaccurate or misleading assessments of change 
over time (Hannaford et  al.  2013; Hall et  al.  2014; Wilby 
et al. 2017). Hydrometric reference networks comprise quality-
assured, long-term flow gauges that provide reliable observa-
tional records from near-natural river flow regimes (Whitfield 
et al. 2012) and have been developed for many countries such as 
the US, Australia, and New Zealand (Slack and Landwehr 1992; 
Turner et al. 2012; Queen et al. 2023), and in some studies have 
been grouped for larger areas such as the Nordic region, Europe, 
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and globally (Wilson et al. 2010; Stahl et al. 2010; Turner 2024). 
Such networks typically cover the full range of possible flows 
but have also been developed to target a specific flow regime, for 
example, low flows in France (Giuntoli et al. 2013).

Whilst selection criteria for reference networks often reflect local 
data limitations, there are standard criteria which are typically 
considered. These include the degree of basin development (ide-
ally pristine with stable land-use), water use (limited regulations, 
diversions and abstractions), record length (at least 20 years), data 
collection (active stations), good data quality, and adequate sup-
porting metadata (Whitfield et al. 2012). Secondary considerations 
often relate to sufficient spatial coverage and representativeness of 
the range of catchment characteristics, with incomplete or low spa-
tial coverage being identified as a particular source of uncertainty 
when using networks for assessing historic change (Easterling 
et al. 2016). Reference networks are commonly employed in studies 
assessing catchment responses to climate variability and change at 
high (e.g., Burn and Whitfield 2017; Hodgkins et al. 2017; Mazer 
et  al.  2021) and low (e.g., Hannaford and Marsh  2006; Dudley 
et al. 2020; O'Connor et al. 2022) flows.

The utility of flow records, including those from reference 
networks, can be compromised by missing data and ex-
tended gaps in the record (Harvey et  al.  2012). Discharge 
series can contain missing data due to issues such as equip-
ment malfunction, loss during transmission/storage, human 
error or because data are of insufficient accuracy, precision 
or reliability (Wilby et  al.  2017). When carrying out statisti-
cal analysis of flow series, missing values can lead to biassed 
results (Zhang and Thorburn  2022). It is therefore pertinent 
that gaps in any record be limited and infilled when possible. 
Techniques employed to infill missing data include nearest 
neighbour approaches, (e.g., Giustarini et  al.  2016), interpo-
lation techniques (e.g., Peterson and Western 2018), linear re-
gression techniques (e.g., Durocher et al. 2019), hydrological 
modelling (e.g., Zhang and Post 2018) and machine learning 
(e.g., Dahmani and Latif 2024).

In Ireland, the first hydrometric reference network, consist-
ing of 43 stations, was developed by Murphy et  al.  (2013a). 
These stations have been employed in numerous studies in-
cluding the investigation of flow extremes, historical trends, 
links to external hydroclimatic drivers, streamflow forecast-
ing, hydrologically modelling, and river flow reconstruc-
tions (e.g., Hodgkins et al. 2024; Mediero et al. 2015; Murphy 
et  al.  2013a; Donegan et  al.  2021; Foran Quinn et  al.  2021; 
Broderick et al. 2016; Noone and Murphy 2020). An optimal 
reference network requires periodical review to ensure it re-
mains fit for purpose (Mishra and Coulibaly 2010). Given the 
passage of > 10 years since the creation of the first Irish refer-
ence network this paper provides a revised network to ensure 
that all stations are fit for purpose and that stations that may 
not have been of sufficient length in Version 1 are included in 
this update.

In the remainder of this article we present the Irish Hydrometric 
Reference Network (IHRN) Version 2. We outline the criteria 
applied for inclusion, present the derived networks for high, 
mean and low flows, detail the modelling process employed 
to infill missing flow data and provide an outline of the main 

characteristics of the network catchments. Finally, we present 
an analysis of annual and seasonal trends in flows from across 
the IHRN V2.

2   |   Irish Hydrometric Reference Network Version 
2 (IHRN V2)—Station Selection

2.1   |   IHRN V2—Data Gathering

Daily Mean Flows (DMFs) for 366 catchments were available 
for assessment, comprising 143 gauges overseen by the Irish 
Environmental Protection Agency (EPA) and Local Authorities 
and 223 gauges maintained by the Office of Public Works 
(OPW). In Ireland the OPW are responsible for flood risk man-
agement and maintain hydrometric stations for this purpose. 
The EPA has an important remit for water quality, while local 
authorities historically had responsibility for water manage-
ment. Therefore, different hydrometric agencies have an histor-
ical focus on different parts of the flow regime. Flow series are 
available for download from the EPA (http://​www.​epa.​ie/​hydro​
net/​) and the OPW (http://​water​level.​ie/​).

2.2   |   IHRN V2—Application of Criteria

DMFs for all available stations were assessed for inclusion 
based on the criteria outlined in Table  1. Specific require-
ments included that station series be at least 30 years in length, 
have < 10% missing data, have < 2.5% urban extent, < 10% ex-
tractions/discharges (Q95 or the flow exceeded 95% of the time), 
be active or if suspended, that this is temporary. In Ireland, arte-
rial drainage, an activity used to improve land drainage and to 
reduce the frequency and extent of overland flooding (Bhattarai 
and O'Connor  2004), has historically impacted many catch-
ments (Murphy et al. 2013a) and can influence rainfall-runoff 
response (Harrigan et  al.  2014). For catchments with a docu-
mented history of arterial drainage, only the post-drainage data 
were included for analysis.

Trends in annual and seasonal flows for each station were also 
examined, using a modified version of the non-parametric 
Mann–Kendall test (Mann 1945; Kendall 1955) that addresses 
autocorrelation (Yue and Wang 2004). The deviation of a sin-
gle station's trends from others and/or the identification of 
excessively large trends resulted in further investigation of 
the relevant station's metadata as appropriate. When decid-
ing upon the final listing of IHRN stations, the application 
of certain selection criteria was relaxed for a small number 
of catchments so that the final list covered a broad range of 
catchment characteristics, representative of differing hydro-
climatological conditions on the island and had a good geo-
graphical distribution (see Table 2).

2.3   |   IHRN V2—Rating Curve Performance Across 
the Flow Regime

To address requirements of different users who often have 
specific interest in high, mean or low flows, together with dif-
ferent priorities of the main hydrometric agencies in Ireland, 
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rating curve quality of IHRN V2 stations was assessed at those 
three flow regimes using a classification approach similar to 
Harrigan et  al.  (2018) for the UK Benchmark Network. The 
rating curves for candidate stations were graded separately for 
high (Q05), mean (Q50) and low (Q95) flows, with a value of 
1 (good performance), 2 (moderate performance), or 3 (poor 
performance) assigned to each station. Grading was under-
taken via a questionnaire distributed to hydrometric experts 
within Local Authorities, the EPA and OPW. An overall score 
was then obtained by averaging scores across each of the three 
flow regimes and rounding to the nearest whole number. 
Stations that obtained an overall score of 3 were dropped from 
the final listing of IHRN V2 stations. Similarly, stations were  
removed from a given flow regime if their performance 
was poor.

Table 2 provides the final list of stations, detailing their char-
acteristics, ratings for high, mean, and low flows, and their 
overall performance scores. In total, 51 stations were identi-
fied as suitable for inclusion in the IHRN V2, 17 of which are 
high quality and 34 of which are moderate quality overall (see 
Table 3 for a more detailed breakdown). Using this informa-
tion, different networks are defined for low, mean, and high 
flows. Suitable stations for mean flow are most numerous (50), 
followed by high flow (45), and low flows (42). Of the 51 sta-
tions, only 12 have a high-quality rating across all three flow 
regimes (see Table  2), indicating the importance of defining 
unique networks for high, mean, and low flows to maximise 
spatial coverage. Table  2 also identifies nested catchments 
(gauges monitoring sub-catchments within the same larger 
catchment).

2.4   |   IHRN V2—Spatial Distribution 
and Catchment Characteristics

The spatial distribution of networks for the three flow regimes 
can be seen in Figure 1. Green points represent good performing 
stations whilst orange represent moderate performing stations. 
It is evident that without relaxation of rules to include moderate 
quality stations, significant spatial gaps would occur in the net-
work, particularly in inland regions at high flows. Some minor 
spatial gaps remain, particularly in the east (close to the Dublin 
region with its high urban extent), the west (close to the Galway 
region), and in the northwest (in county Donegal) and are the 
result of no stations meeting basic selection criteria in these lo-
cations. As records mature it is anticipated that these gaps will 
be filled in future versions of the IHRN (see Section 5.2).

Six key catchment descriptors, extracted for the final list of 
IHRN stations are shown in Figure 2. Standard Annual Average 
Rainfall (SAAR), derived using the 1961–1990 baseline for 
consistency with other Irish national datasets (e.g., the Flood 
Studies Update), ranges from 879.6 to 1924.7 mm, the Base Flow 
Index (BFIsoil: a measure of catchment permeability; see Mills 
et  al.  2014) ranges from 0.29 to 0.83, the main channel slope 
(Tayslo; derived from Taylor–Schwartz method) ranges from 
0.12 to 2.71, the proportion of peatland in the catchment (Peat) 
ranges from 0 to 0.80, catchment area (Area) ranges from 10.4 
to 2333.7 km2 and the average catchment elevation (Elevation) 
ranges from 84.0 to 493.4 m. The range of catchment descriptors 
show good consistency across the three flow regimes, though 
the high flow network tends to have slightly larger catchment 
areas, higher BFI values and lower mean elevations.

TABLE 1    |    Selection criteria used to identify suitable stations to include in the IHRN V2.

Key selection criteria Comment

Active Stations must be active and collecting data and expected to continue to do so into the 
future. Note: temporarily suspended stations were considered for inclusion

Hydrometric data quality High quality, consistent hydrometric data, with adequate supporting metadata are required. 
A well-defined stage-discharge relationship particularly at high and low flows (identified with 

rating curve) is desirable with details on gauge type, performance in supporting metadata 
(e.g., detail on weed growth, high flow bypassing and other channel disturbances) required

Record length Long continuous record lengths are essential (at least 30 years) with continuity of 
ongoing measurements without significant gaps (< 10% gap in the record overall)

Near-natural flow regime Catchments should be subjected to limited flow regulation, extractions, 
or discharges. When unavoidable a threshold of 10% influence on flow 

values at/below Q95 is applicable for low flow stations

Limited land-use change 
and drainage

Flow regimes that are relatively free from development and other anthropogenic influences 
(here we classify relatively free from development as the catchment having < 2.5% urban extent). 
Catchments subject to arterial drainage are flagged, with only post-drainage records employed

Geographical location Geographical spread that encompasses the entirety of the island (all eight Water Framework 
Directive river basin districts), in locations with differing rainfall regimes, underlying geology, 

catchment orientation, and vegetation cover. The spatial distribution of candidate stations, record 
length, data quality at high, mean and low flows and overall hydrological representativeness were 

considered when choosing stations with importance adjusted depending on circumstances

Confirmation Station nomination is flagged with the relevant hydrometric authority overseeing its operation 
(i.e., EPA, OPW). Feedback on station selection also attained using a related query sheet 

with questionnaire addressing all issues identified through previous examination
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3   |   Infilling Missing Data

3.1   |   Series Length and Missing Data

Figure 3 displays the number of stations in operation for each 
year in the updated IHRN. The earliest gauge (ID: 25006) com-
menced recording in 1952. While ten stations date to the 1950s, 
most records commenced in the 1970s, with notable increases 
in 1972 and 1975, aligning with an increase in hydrometric 
observations following extreme drought at that time (Murphy 
et al. 2013a). Figure 4 maps the record length of IHRN V2 sta-
tions (a), together with the percentage of missing data (b), and 
the maximum consecutive days missing at each station (c). 
Record length (up to the end of 2022) range from 31 to 71 years 
(averaging 49.2 years), with longer records reasonably well dis-
tributed geographically. Missing data averages 4.5% (range: 
0.9%–9.3%) and shows no spatially dependent suggesting that no 
particular region is subject to large consistent gaps in observa-
tions. Furthermore, gaps in the record are not temporally de-
pendent, with only a small number of occasions when numerous 
stations are missing data concurrently (e.g., a 13-day period in 
April 2001 involving 16 stations).

3.2   |   Hydrological Modelling

Missing data can severely impact analysis of flow variability 
and change detection (Harvey et al. 2010), particularly at ex-
tremes (Gao et al. 2018). To address this, we employed a con-
ceptual hydrological model and an artificial neural network 
(ANN) to infill missing flows. The GR4J (Génie Rural à 4 
paramètres Journalier; Perrin et al. 2003) is a four-parameter 
bucket-type water balance model that partitions rainfall be-
tween production (soil moisture) and routing stores, using 
a water exchange function to account for groundwater in-
teraction. We ran the GR4J model using the airGR package 
(Coron et al. 2017). Catchment average precipitation was ex-
tracted from gridded (1 × 1 km) Met Éireann precipitation 
(1941–2022; see Walsh  2012). Catchment specific potential-
evapotranspiration was calculated using Oudin's formula 
(Oudin et  al.  2005). As Met Éireann's gridded (1 × 1 km) 
temperature data (Walsh  2012) only commences in 1961, a 
subset of gridded (0.25° × 0.25°) ERA5 surface temperature 
reanalysis data (Hersbach et  al.  2020) was extracted for the 
catchment area for the period 1941–2022. Bias correction 
was carried out using the qmap quantile mapping package 
(Gudmundsson 2016) with local linear least square regression St
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TABLE 3    |    Performance ratings of the 51 stations included in the 
IHRN V2 at high, mean, and low flows.

Station 
performance High flow Mean flow Low flow

Good (1) 20 29 21

Moderate (2) 25 21 21

Poora (3) 6 1 9

Note: Stations were graded as performing good (score of 1), moderate (score of 2), 
and poor (score of 3) at each flow regime.
aStations with a poor performance at a given flow regime were excluded from the 
final network for that flow regime.
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interpolation mapping catchment specific ERA5 temperature 
data to the Met Éireann equivalent.

To calibrate the model, 80,000 parameter sets were generated 
from a uniform distribution using Monte Carlo methods. Table 4 
summarises the range of values employed for each of the four 
parameters. This ensemble approach allowed for a broad assess-
ment of model performance across a plausible range of values. 

Calibration was subsequently performed using observed daily 
flows from the start of each record till the end of 1999 (including 
a one-year warm-up period). The Nash Sutcliffe Efficiency (NSE) 
(Nash and Sutcliffe  1970) and Kling Gupta Efficiency (KGE) 
(Gupta et al. 2009; Kling et al. 2012) objective functions were ap-
plied to identify the 200 best performing parameter sets. Median 
flows from these top 200 sets for each objective function were 
extracted for each station.

FIGURE 1    |    Maps of IHRN V2 stations selected for (a) high, (b) mean, and (c) low flows. Station performance for each flow regime is indicated by 
the station colour with green representative of good performing stations and orange of moderate performing stations.

FIGURE 2    |    Boxplots of selected catchment descriptors for the Irish Hydrometric Reference Network (IHRN) version 2 stations, grouped by high, 
mean, and low flows. Descriptors include standard annual average rainfall (SAAR), base flow index (BFIsoil), channel slope (TAYSLO; derived from 
Taylor-Schwartz method), peatland (PEAT), catchment area (AREA), and catchment elevation (Elevation).
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Flows generated from the GR4J model were subsequently em-
ployed as inputs (1-day lag) to the ANN, along with daily tem-
perature, precipitation and precipitation lagged by one to 4 days 
for the entire observational period. The ANN was developed 
using the neuralnet package (Fritsch et  al.  2019) in R. Model 
structures consisting of two hidden layers with combinations 
of one to eight neurons in each were generated. Performance 
was evaluated during the calibration period using the NSE 
and KGE objective functions, with the top 20 best performing 
ANN models retained from each objective function. Median 
simulated flow values from the combined GR4J and ANN en-
sembles were used to represent the final flow outputs for each 
catchment, with 95th percentile confidence intervals (i.e., lower 
and upper uncertainty bounds) also derived (these data are 
available in the Modelled_Flows.txt, 2.5_Quantile_Modelled_
Flows.txt, and 97.5_Quantile_Modelled_Flows.txt files in the 
Zenodo repository).

3.3   |   Model Performance and Validation

Model performance scores, including NSE, KGE, Mean Absolute 
Error (MAE), and R-Squared for the GR4J model and the ANN 
model (employing the GR4J model outputs as a predictor), were 
extracted for each station for the calibration period and a 22-
year independent validation period (2000–2022 inclusive; see 
Figure  5). Comparing GR4J and ANN model performances 
across all stations, we find average NSE values increase from 
0.81 to 0.91, KGE values increase from 0.85 to 0.93, MAE val-
ues decrease from 0.57 to 0.40, and R-squared values increase 
from 0.82 to 0.91 for the calibration period, indicating improved 
performance using the ANN model. For the validation period, 

average NSE values increase from 0.82 to 0.90, KGE values in-
crease from 0.83 to 0.89, MAE values decrease from 0.59 to 0.42, 
and R-squared values increase from 0.83 to 0.91. As the ANN 
model consistently outperformed the GR4J model, the ANN was 
used to infill gaps in observations for all selected stations.

4   |   Assessment of Trends

The impact of infilling missing data on trends was assessed 
for each IHRN V2 station. Annual and seasonal mean flows 
were extracted and trends identified using a modified version 
of the non-parametric Mann-Kendall (MK) test that accounts 
for autocorrelation (Yue and Wang 2004). MK Z-scores, rep-
resenting trend direction and magnitude, were obtained for 
observed flows (with gaps) and infilled flows (available as 
Observed_Flows.txt and Infilled_Flows.txt files in the Zenodo 
repository) and results compared (Figure  6). MK Z-scores 
exceeding |1.96| indicate significant trends at the 0.05 level. 
While some stations show moderate deviations from the 1:1 
line, most of the network displays very similar MK Z-scores 
for both observed and infilled data. For instance, station 
ID 14019 shows minimal deviation despite a gap exceed-
ing 100 days, suggesting that infilling has limited impact on 
trends. Overall, mean flows exhibit a general tendency toward 
positive trends across all seasons except spring, with a limited 
number of statistically significant trends evident.

Trend persistence in annual and seasonal mean flows was also 
assessed to identify if individual stations showed deviations over 
the observational period that were inconsistent with other sta-
tions. For these tests the start year was dropped consecutively 

FIGURE 3    |    Start year of flow measurements for each of the IHRN V2 stations, ranging from 1952 to 1991. The average start year of all 51 stations, 
highlighted in red, is 1973.
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for each station until the year 2000 and the MK Z statistic 
noted. Figure 7 shows a persistence plot of MK Z-scores for an-
nual flows, with good performing stations shown in green and 
moderate performing in orange. Both categories show similar 
Z-score patterns with no obvious outliers, increasing confidence 
in results from moderately ranked stations.

Across the network increasing trends in average annual flows 
are evident, particularly for longer records (e.g., pre-1965 were of 
the 10 stations all show positive trends (consistently statistically 
significant for 4 of them)). A similar pattern is for raw observed 
flows (see Figure S1). The most negative trends occur for tests 
commencing in 1993, where 17 stations show decreasing trends, 
however none are statistically significant.

Figure 8 presents a seasonal breakdown of MK persistence plots 
for IHRN V2 stations. Both good and moderate performing sta-
tions show comparable trends in each season. The importance 
of start year is clear in seasonal trends with earlier start years 
tending to produce stronger trend patterns than shorter re-
cords. Winter mean flows are dominated by increasing trends, 
particularly for tests commencing pre-1973. For the post-1970s 
period winter mean flow trends are generally non-significant. 
Spring shows considerable fluctuation in the significance and 
direction of trends depending on the start year. For tests com-
mencing pre-1974 and post-1994 most trends are increasing, for 
tests commencing from 1974 to 1994 the majority are decreas-
ing. For summer mean flows, increasing trends are particularly 
evident for longer records. Autumn shows strong similarities 
with summer, with increasing trends dominating for longer re-
cords. However, in both instances flow trends are statistically 
non-significant. Seasonal flows also show similar results for raw 
observed flow series (see Figure S2).

5   |   Discussion

5.1   |   IHRN V2 Strengths and Weaknesses

The inclusion of 51 gauging stations, representative of a wide 
range of catchment characteristics, allows for detailed analysis 
of climate variability and change in Irish river flows. The av-
erage length of series in the network has been extended from 
40 years in IHRN V1 to 49 years (average start year is 1973), with 
only 4.6% of flow data missing on average (previously 4.7%). 
Infilling via the ANN model showed that missing data had lit-
tle impact on mean flow trends. Future work will investigate 
impacts on high and low flows. As per Harrigan et al.  (2018), 
the IHRN V2 provides unique networks for high, mean, and low 
flows. This allows for the best performing stations for each re-
gime to be identified for trend assessment. A smaller number of 
stations (17) are classified as having high-quality ratings across 
all flow regimes. Along with evaluation of the station flow and 

FIGURE 4    |    Maps of flow metrics for the 51 IHRN V2 stations, including details on (a) the length of each station's flow record (in years), (b) the 
percentage of the station's flow record that is missing, and (c) the maximum number of consecutive missing days per station.

TABLE 4    |    List of parameters used in the GR4J hydrological model. 
Included are their description, units, and the range of calibrated values 
from which 80,000 random values were generated.

Parameter Description Units

Range of 
calibrated 

values

X1 Maximum 
capacity of the 

production (soil 
moisture) store

mm 0–1100

X2 Groundwater 
exchange 
coefficient

mm/day 0–10

X3 Maximum 
capacity of the 
routing store

mm 0–1000

X4 Time base of the 
unit hydrograph

days 0–10
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metadata, coherence in trends across the network over the his-
torical record suggests that the IHRN V2 is fit for purpose. That 
said, there are some weaknesses in the network that need con-
sideration. Many Irish catchments have been subject to arterial 
drainage (Bhattarai and O'Connor 2004), with drainage main-
tenance often ongoing in these catchments. It is unavoidable 
that some IHRN catchments were subject to these activities (see 
Table  2). However, none of the 16 stations impacted (noted in 
Table 2) had drainage occur post the commencement of the flow 
record used here. Another potential weakness is gaps in net-
work coverage in certain regions. To address this, some criteria 
were relaxed, specifically in relation to the amount of missing 
data in some stations, the inclusion of post-drainage flow series 
and the inclusion of moderately good rating curves where neces-
sary for spatial coverage. These aspects and associated metadata 
(available in the IHRN_Station_Metadata.txt file in the Zenodo 
repository) should be considered by potential users.

To quantify the impact of relaxing selection criteria, a com-
parative analysis of physical catchment descriptors and station 
performance was conducted across high, mean, and low flow re-
gimes (see Figure S3). Results show that the physical attributes 
remain relatively consistent regardless of station quality rat-
ings. Furthermore, Mann–Whitney U tests found no significant 
difference (p > 0.05) in annual and seasonal mean flow trends 
between good and moderate stations. This suggests that while 
a moderate rating may introduce localised uncertainty, it does 
not undermine the detection of broader climatic trends across 
the network. However, users should consider the implications of 
poor data quality at extremes, with uncertainties in high flows, 
particularly in larger catchments, having consequences for flood 
risk assessment, while uncertainties in low flow can hinder the 

detection and addressing of water quality and quantity issues 
associated with drought, particularly in smaller catchments 
(Coxon et al. 2015).

The average station start year is 1973, with only 10 dating to 
1971 or earlier. Consequently, assessments of pre-1972 flows 
face significant geographical gaps (especially in the northwest, 
southwest and east), which may hide important regional trends. 
The lack of significant trends in records starting in the early 
1970s suggests a change in flows around this time, consistent 
with observations in North America (Ryberg et  al.  2020), and 
Ireland, where a climatic change point in the mid-1970s, linked 
to a shift in the North Atlantic Oscillation (NAO), resulted in 
increased precipitation and flows (Murphy et al. 2013a, 2013b). 
While the Mann–Kendall test identifies monotonic trends, re-
sults can be influenced by these abrupt shifts, which may also 
be driven by changes in high flow events that disproportionately 
affect mean values. Consequently, users should consider these 
spatial and temporal constraints when employing the IHRN V2 
for long-term climate impact assessments. Furthermore, there is 
under-representation of upland catchments which may limit re-
search on flow responses to climate variability in such regions, 
something that has been flagged with relevant hydrometric au-
thorities. Finally, as with many reference networks (Whitfield 
et al. 2012) assessing land-use impacts remains challenging due 
to limited long-term data. It is certain that activities like peat 
extraction and changing agricultural practices have impacted 
flows, but the extent of impact remains unclear. While con-
sistency in trends across the network suggests that changes in 
mean flows are primarily climate-driven, low flow trends may 
be significantly more affected by land-use changes, making 
them harder to attribute to external climate drivers alone.

FIGURE 5    |    Model performance indicators for the Génie Rural à 4 paramètres Journalier (GR4J) and Artificial Neural Network (ANN) models 
used to infill flows for all 51 IHRN V2 stations. The four panels on the left represent scores for the calibration period (from start of record to end of 
1999) while the four on the right represent scores for the validation period (2000–2022). Metrics include the Nash Sutcliffe Efficiency (NSE), Kling 
Gupta Efficiency (KGE), Mean Absolute Error (MAE), and Coefficient of Determination (R2).
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5.2   |   Utility and Future Work

We have demonstrated the network's utility in identifying an-
nual and seasonal mean flow trends. Since stations suitable for 
high and low flow analysis are now identified, assessments can 

easily expand to these extremes and explore links to key modes 
of climate variability, such as the North Atlantic Oscillation 
(Murphy et al. 2013a, 2013b). By limiting confounding factors 
and ensuring good quality data, reference networks can play an 
important role in climate change attribution studies. Accurate 

FIGURE 6    |    Mann–Kendall Z-scores derived from annual, winter [DJF], spring [MAM], summer [JJA], and autumn [SON] observed (including 
missing data) and infilled (observed with missing data infilled) mean flows for the entire length of the record for each of the 51 IHRN V2 stations. 
Dashed red lines highlight the value at which trends become significant (i.e., > 1.96 or < −1.96). Stations classified as good are shown in green and 
moderate are shown in orange. Station ID 14019, which contains a data gap exceeding 100 consecutive days, is circled in red.
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FIGURE 7    |    Mann–Kendall Z-scores derived from annual mean flows for 51 IHRN V2 stations. MK Z-scores are derived from infilled flows for 
the given start year till the end of 2022. Stations classified as good are shown in green and moderate are shown in orange.

FIGURE 8    |    As Figure 7 but for seasonal mean flows.
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application of seasonal forecasts at the catchment scale is reli-
ant on high-quality river flow data. Reference stations such as 
those in the IHRN V2 offer a means to increase the accuracy of 
seasonal flow forecasting activities. As the IHRN V2 specifies a 
set of catchments that meet reference network criteria, it can be 
used in the generation of historical reconstructions and future 
climate change projections, bringing together past, present and 
future flows across a wide set of catchment characteristics.

Finally, we identify 13 fledgling stations that meet most criteria 
but are too short for inclusion in this iteration of the IHRN. These 
have been flagged as fledgling stations with the relevant organ-
isations for prioritisation for monitoring for future inclusion. A 
number of these stations are in regions where spatial gaps have 
been identified (see Section 2.4 and Figure S4). Using the same 
datasets and models employed in this study, the authors intend 
to extend the record of IHRN V2 stations using flow reconstruc-
tion techniques (as per O'Connor et al. 2023), enabling the iden-
tification of trend patterns over longer time periods.

6   |   Summary

This paper presents the Irish Hydrometric Reference Network 
(IHRN) Version 2, an updated, quality-assured dataset designed 
for monitoring Irish river flows. Stations were selected based 
on widely established criteria including record length, quality, 
minimal urban development, limited missing data, and the 
representativeness of Irish catchment characteristics. Through 
engagement with hydrometric experts, independent networks 
were identified for high, mean, and low flows, enabling targeted 
assessment across the flow regimes. To ensure data continu-
ity, an artificial neural network was developed to infill obser-
vational gaps. Resultant annual and seasonal flow series were 
assessed for trends. The observed continuity of trends in mean 
flows confirms both the data quality and the network's utility 
for detecting climate-driven variability and change. While in-
creasing trends dominate annual and winter mean flows for the 
observational period, these trends are generally non-significant 
for records commencing after the 1970s.

Acknowledgements

The authors acknowledge funding from the Irish EPA through the 
IHRN project (2024-IHRN-1124). We thank the project steering com-
mittee for feedback and guidance throughout the project. We thank the 
OPW and EPA for making flow data available and for the input of hydro-
metric staff expertise through questionnaires to assess rating quality. 
We thank Met Éireann for making meteorological data available and 
Shaun Harrigan and Karen O'Regan (ECMWF) for their contributions 
to the underlying code.

Funding

This work was supported by the Environmental Protection Agency 
(Ireland), 2024-IHRN-1124.

Data Availability Statement

The data that support the findings of this study are openly available in 
Zenodo at https://​doi.​org/​10.​5281/​zenodo.​13943987.

References

Bhattarai, K. P., and K. M. O'Connor. 2004. “The Effects Over Time of 
an Arterial Drainage Scheme on the Rainfall-Runoff Transformation in 
the Brosna Catchment.” Physics and Chemistry of the Earth, Parts A/B/C 
29, no. 11–12: 787–794. https://​doi.​org/​10.​1016/j.​pce.​2004.​05.​006.

Broderick, C., T. Matthews, R. L. Wilby, S. Bastola, and C. Murphy. 
2016. “Transferability of Hydrological Models and Ensemble Averaging 
Methods Between Contrasting Climatic Periods.” Water Resources 
Research 52, no. 10: 8343–8373. https://​doi.​org/​10.​1002/​2016W​R018850.

Burn, D. H., and P. H. Whitfield. 2017. “Changes in Cold Region Flood 
Regimes Inferred From Long-Record Reference Gauging Stations.” 
Water Resources Research 53, no. 4: 2643–2658. https://​doi.​org/​10.​1002/​
2016W​R020108.

Chiverton, A., J. Hannaford, I. Holman, et al. 2015. “Which Catchment 
Characteristics Control the Temporal Dependence Structure of Daily 
River Flows?” Hydrological Processes 29, no. 6: 1353–1369. https://​doi.​
org/​10.​1002/​hyp.​10252​.

Coron, L., G. Thirel, O. Delaigue, C. Perrin, and V. Andréassian. 2017. 
“The Suite of Lumped GR Hydrological Models in an R Package.” 
Environmental Modelling & Software 94: 166–171. https://​doi.​org/​10.​
1016/j.​envso​ft.​2017.​05.​002.

Coxon, G., J. Freer, I. K. Westerberg, T. Wagener, R. Woods, and 
P. J. Smith. 2015. “A Novel Framework for Discharge Uncertainty 
Quantification Applied to 500 UK Gauging Stations.” Water Resources 
Research 51, no. 7: 5531–5546. https://​doi.​org/​10.​1002/​2014W​R016532.

Dahmani, S., and S. D. Latif. 2024. “Streamflow Data Infilling Using 
Machine Learning Techniques With Gamma Test.” Water Resources 
Management 38, no. 2: 701–716. https://​doi.​org/​10.​1007/​s1126​9-​023-​
03694​-​8.

Dixon, H., D. M. Lawler, A. Y. Shamseldin, and P. Webster. 2006. “The 
Effect of Record Length on the Analysis of River Flow Trends in Wales 
and Central England.” Climate Variability and Change: Hydrological 
Impacts 25: 490–495.

Donegan, S., C. Murphy, S. Harrigan, et al. 2021. “Conditioning Ensemble 
Streamflow Prediction With the North Atlantic Oscillation Improves 
Skill at Longer Lead Times.” Hydrology and Earth System Sciences 25, 
no. 7: 4159–4183. https://​doi.​org/​10.​5194/​hess-​25-​4159-​2021.

Dudley, R. W., R. M. Hirsch, S. A. Archfield, A. G. Blum, and B. Renard. 
2020. “Low Streamflow Trends at Human-Impacted and Reference 
Basins in the United States.” Journal of Hydrology 580: 124254. https://​
doi.​org/​10.​1016/j.​jhydr​ol.​2019.​124254.

Durocher, M., A. I. Requena, D. H. Burn, and J. Pellerin. 2019. “Analysis 
of Trends in Annual Streamflow to the Arctic Ocean.” Hydrological 
Processes 33, no. 7: 1143–1151. https://​doi.​org/​10.​1002/​hyp.​13392​.

Easterling, D. R., K. E. Kunkel, M. F. Wehner, and L. Sun. 2016. 
“Detection and Attribution of Climate Extremes in the Observed 
Record.” Weather and Climate Extremes 11: 17–27. https://​doi.​org/​10.​
1016/j.​wace.​2016.​01.​001.

Foran Quinn, D., C. Murphy, R. L. Wilby, et al. 2021. “Benchmarking 
Seasonal Forecasting Skill Using River Flow Persistence in Irish 
Catchments.” Hydrological Sciences Journal 66, no. 4: 672–688. https://​
doi.​org/​10.​1080/​02626​667.​2021.​1874612.

Fritsch, S., F. Guenther, and M. F. Guenther. 2019. “Package ‘neural-
net’.” Training of Neural Networks 2: 30.

Gao, Y., C. Merz, G. Lischeid, and M. Schneider. 2018. “A Review on 
Missing Hydrological Data Processing.” Environmental Earth Sciences 
77, no. 2: 47. https://​doi.​org/​10.​1007/​s1266​5-​018-​7228-​6.

Garner, G., A. F. Van Loon, C. Prudhomme, and D. M. Hannah. 2015. 
“Hydroclimatology of Extreme River Flows.” Freshwater Biology 60, no. 
12: 2461–2476. https://​doi.​org/​10.​1111/​fwb.​12667​.

 20496060, 2026, 2, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/gdj3.70075 by N
ational U

niversity O
f Ireland M

aynooth, W
iley O

nline L
ibrary on [20/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.5281/zenodo.13943987
https://doi.org/10.1016/j.pce.2004.05.006
https://doi.org/10.1002/2016WR018850
https://doi.org/10.1002/2016WR020108
https://doi.org/10.1002/2016WR020108
https://doi.org/10.1002/hyp.10252
https://doi.org/10.1002/hyp.10252
https://doi.org/10.1016/j.envsoft.2017.05.002
https://doi.org/10.1016/j.envsoft.2017.05.002
https://doi.org/10.1002/2014WR016532
https://doi.org/10.1007/s11269-023-03694-8
https://doi.org/10.1007/s11269-023-03694-8
https://doi.org/10.5194/hess-25-4159-2021
https://doi.org/10.1016/j.jhydrol.2019.124254
https://doi.org/10.1016/j.jhydrol.2019.124254
https://doi.org/10.1002/hyp.13392
https://doi.org/10.1016/j.wace.2016.01.001
https://doi.org/10.1016/j.wace.2016.01.001
https://doi.org/10.1080/02626667.2021.1874612
https://doi.org/10.1080/02626667.2021.1874612
https://doi.org/10.1007/s12665-018-7228-6
https://doi.org/10.1111/fwb.12667


14 of 15 Geoscience Data Journal, 2026

Giuntoli, I., B. Renard, J. P. Vidal, and A. Bard. 2013. “Low Flows in 
France and Their Relationship to Large-Scale Climate Indices.” Journal 
of Hydrology 482: 105–118. https://​doi.​org/​10.​1016/j.​jhydr​ol.​2012.​
12.​038.

Giustarini, L., O. Parisot, M. Ghoniem, R. Hostache, I. Trebs, and 
B. Otjacques. 2016. “A User-Driven Case-Based Reasoning Tool 
for Infilling Missing Values in Daily Mean River Flow Records.” 
Environmental Modelling & Software 82: 308–320. https://​doi.​org/​10.​
1016/j.​envso​ft.​2016.​04.​013.

Gudmundsson, L. 2016. “Qmap: Statistical Transformations for Post-
Processing Climate Model Output, Version 1.0–4, R Package.” https://​
CRAN.​R-​proje​ct.​org/​packa​ge=​qmap.

Gupta, H. V., H. Kling, K. K. Yilmaz, and G. F. Martinez. 2009. 
“Decomposition of the Mean Squared Error and NSE Performance 
Criteria: Implications for Improving Hydrological Modelling.” Journal 
of Hydrology 377, no. 1–2: 80–91. https://​doi.​org/​10.​1016/j.​jhydr​ol.​2009.​
08.​003.

Hall, J., B. Arheimer, M. Borga, et  al. 2014. “Understanding Flood 
Regime Changes in Europe: A State-Of-The-Art Assessment.” 
Hydrology and Earth System Sciences 18, no. 7: 2735–2772. https://​doi.​
org/​10.​5194/​hess-​18-​2735-​2014.

Hannaford, J., G. Buys, K. Stahl, and L. M. Tallaksen. 2013. “The 
Influence of Decadal-Scale Variability on Trends in Long European 
Streamflow Records.” Hydrology and Earth System Sciences 17, no. 7: 
2717–2733. https://​doi.​org/​10.​5194/​hess-​17-​2717-​2013.

Hannaford, J., and T. Marsh. 2006. “An Assessment of Trends in UK 
Runoff and Low Flows Using a Network of Undisturbed Catchments.” 
International Journal of Climatology: A Journal of the Royal 
Meteorological Society 26, no. 9: 1237–1253. https://​doi.​org/​10.​1002/​
joc.​1303.

Harrigan, S., J. Hannaford, K. Muchan, and T. J. Marsh. 2018. 
“Designation and Trend Analysis of the Updated UK Benchmark 
Network of River Flow Stations: The UKBN2 Dataset.” Hydrology 
Research 49, no. 2: 552–567. https://​doi.​org/​10.​2166/​nh.​2017.​058.

Harrigan, S., C. Murphy, J. Hall, R. L. Wilby, and J. Sweeney. 2014. 
“Attribution of Detected Changes in Streamflow Using Multiple 
Working Hypotheses.” Hydrology and Earth System Sciences 18: 1935–
1952. https://​doi.​org/​10.​5194/​hess-​18-​1935-​2014.

Harvey, C. L., H. Dixon, and J. Hannaford. 2010. “Developing Best 
Practice for Infilling Daily River Flow Data.” Role of Hydrology in 
Managing Consequences of a Changing Global Environment 24: 816–823.

Harvey, C. L., H. Dixon, and J. Hannaford. 2012. “An Appraisal of the 
Performance of Data-Infilling Methods for Application to Daily Mean 
River Flow Records in the UK.” Hydrology Research 43, no. 5: 618–636. 
https://​doi.​org/​10.​2166/​nh.​2012.​110.

Hersbach, H., B. Bell, P. Berrisford, et  al. 2020. “The ERA5 Global 
Reanalysis.” Quarterly Journal of the Royal Meteorological Society 146, 
no. 730: 1999–2049. https://​doi.​org/​10.​1002/​qj.​3803.

Hodgkins, G. A., B. Renard, P. H. Whitfield, et al. 2024. “Climate Driven 
Trends in Historical Extreme Low Streamflows on Four Continents.” 
Water Resources Research 60, no. 6: e2022WR034326. https://​doi.​org/​10.​
1029/​2022W​R034326.

Hodgkins, G. A., P. H. Whitfield, D. H. Burn, et  al. 2017. “Climate-
Driven Variability in the Occurrence of Major Floods Across North 
America and Europe.” Journal of Hydrology 552: 704–717. https://​doi.​
org/​10.​1016/j.​jhydr​ol.​2017.​07.​027.

Kendall, M. G. 1955. Rank Correlation Methods. Charles Griffin.

Kling, H., M. Fuchs, and M. Paulin. 2012. “Runoff Conditions in the 
Upper Danube Basin Under an Ensemble of Climate Change Scenarios.” 
Journal of Hydrology 424: 264–277. https://​doi.​org/​10.​1016/j.​jhydr​ol.​
2012.​01.​011.

Mann, H. B. 1945. “Nonparametric Tests Against Trend.” Econometrica: 
Journal of the Econometric Society 13: 245–259. https://​doi.​org/​10.​2307/​
1907187.

Mazer, K. E., A. A. Tomasek, F. Daneshvar, et  al. 2021. “Integrated 
Hydrologic and Hydraulic Analysis of Torrential Flood Hazard in 
Arequipa, Peru.” Journal of Contemporary Water Research & Education 
171, no. 1: 93–110. https://​doi.​org/​10.​1111/j.​1936-​704X.​2020.​3347.​X.

Mediero, L., T. R. Kjeldsen, N. Macdonald, et al. 2015. “Identification 
of Coherent Flood Regions Across Europe by Using the Longest 
Streamflow Records.” Journal of Hydrology 528: 341–360. https://​doi.​
org/​10.​1016/j.​jhydr​ol.​2015.​06.​016.

Mills, P., O. Nicholson, and D. Reed. 2014. Physical Catchment 
Descriptors. Volume IV, Flood Studies Update Technical Research Report. 
Office of Public Works.

Mishra, A. K., and P. Coulibaly. 2010. “Hydrometric Network Evaluation 
for Canadian Watersheds.” Journal of Hydrology 380, no. 3–4: 420–437. 
https://​doi.​org/​10.​1016/j.​jhydr​ol.​2009.​11.​015.

Murphy, C., S. Harrigan, J. Hall, and R. L. Wilby. 2013a. “Climate-
Driven Trends in Mean and High Flows From a Network of Reference 
Stations in Ireland.” Hydrological Sciences Journal 58, no. 4: 755–772. 
https://​doi.​org/​10.​1080/​02626​667.​2013.​782407.

Murphy, C., S. Harrigan, J. Hall, and R. L. Wilby. 2013b. “HydroDetect: 
The Identification and Assessment of Climate Change Indicators for an 
Irish Reference Network of River Flow Stations.” In Climate Change 
Research Programme (CCRP) 2007-2013 Report Series No. 27. CCRP.

Nash, J. E., and J. V. Sutcliffe. 1970. “River Flow Forecasting Through 
Conceptual Models Part I-A Discussion of Principles.” Journal of 
Hydrology 10, no. 3: 282–290. https://​doi.​org/​10.​1016/​0022-​1694(70)​
90255​-​6.

Noone, S., and C. Murphy. 2020. “Reconstruction of Hydrological 
Drought in Irish Catchments (1850–2015).” Proceedings of the Royal 
Irish Academy. Archaeology, Culture, History, Literature 120: 365–390. 
https://​doi.​org/​10.​3318/​priac.​2020.​120.​11.

O'Connor, P., H. Meresa, and C. Murphy. 2023. “Trends in Reconstructed 
Monthly, Seasonal and Annual Flows for Irish Catchments (1900–
2016).” Weather 78, no. 9: 261–267. https://​doi.​org/​10.​1002/​wea.​4288.

O'Connor, P., C. Murphy, T. Matthews, and R. L. Wilby. 2022. “Historical 
Droughts in Irish Catchments 1767-2016.” International Journal of 
Climatology 20: 7542. https://​doi.​org/​10.​1002/​joc.​7542.

Oudin, L., F. Hervieu, C. Michel, et  al. 2005. “Which Potential 
Evapotranspiration Input for a Lumped Rainfall–Runoff Model?: Part 
2-Towards a Simple and Efficient Potential Evapotranspiration Model 
for Rainfall–Runoff Modelling.” Journal of Hydrology 303, no. 1–4: 290–
306. https://​doi.​org/​10.​1016/j.​jhydr​ol.​2004.​08.​026.

Perrin, C., C. Michel, and V. Andréassian. 2003. “Improvement of a 
Parsimonious Model for Streamflow Simulation.” Journal of Hydrology 
279, no. 1–4: 275–289. https://​doi.​org/​10.​1016/​S0022​-​1694(03)​00225​-​7.

Peterson, T. J., and A. W. Western. 2018. “Statistical Interpolation of 
Groundwater Hydrographs.” Water Resources Research 54, no. 7: 4663–
4680. https://​doi.​org/​10.​1029/​2017W​R021838.

Queen, L. E., S. Dean, D. Stone, R. Henderson, and J. Renwick. 2023. 
“Spatiotemporal Trends in Near-Natural New Zealand River Flow.” 
Journal of Hydrometeorology 24, no. 2: 241–255. https://​doi.​org/​10.​1175/​
JHM-​D-​22-​0037.​1.

Ryberg, K. R., G. A. Hodgkins, and R. W. Dudley. 2020. “Change Points 
in Annual Peak Streamflows: Method Comparisons and Historical 
Change Points in the United States.” Journal of Hydrology 583: 124307. 
https://​doi.​org/​10.​1016/j.​jhydr​ol.​2019.​124307.

Slack, J. R., and J. M. Landwehr. 1992. Hydro-Climatic Data Network 
(HCDN); a US Geological Survey Streamflow Data Set for the United 
States for the Study of Climate Variations, 1874-1988 (No. 92-129). US 

 20496060, 2026, 2, D
ow

nloaded from
 https://rm

ets.onlinelibrary.w
iley.com

/doi/10.1002/gdj3.70075 by N
ational U

niversity O
f Ireland M

aynooth, W
iley O

nline L
ibrary on [20/05/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://doi.org/10.1016/j.jhydrol.2012.12.038
https://doi.org/10.1016/j.jhydrol.2012.12.038
https://doi.org/10.1016/j.envsoft.2016.04.013
https://doi.org/10.1016/j.envsoft.2016.04.013
https://cran.r-project.org/package=qmap
https://cran.r-project.org/package=qmap
https://doi.org/10.1016/j.jhydrol.2009.08.003
https://doi.org/10.1016/j.jhydrol.2009.08.003
https://doi.org/10.5194/hess-18-2735-2014
https://doi.org/10.5194/hess-18-2735-2014
https://doi.org/10.5194/hess-17-2717-2013
https://doi.org/10.1002/joc.1303
https://doi.org/10.1002/joc.1303
https://doi.org/10.2166/nh.2017.058
https://doi.org/10.5194/hess-18-1935-2014
https://doi.org/10.2166/nh.2012.110
https://doi.org/10.1002/qj.3803
https://doi.org/10.1029/2022WR034326
https://doi.org/10.1029/2022WR034326
https://doi.org/10.1016/j.jhydrol.2017.07.027
https://doi.org/10.1016/j.jhydrol.2017.07.027
https://doi.org/10.1016/j.jhydrol.2012.01.011
https://doi.org/10.1016/j.jhydrol.2012.01.011
https://doi.org/10.2307/1907187
https://doi.org/10.2307/1907187
https://doi.org/10.1111/j.1936-704X.2020.3347.X
https://doi.org/10.1016/j.jhydrol.2015.06.016
https://doi.org/10.1016/j.jhydrol.2015.06.016
https://doi.org/10.1016/j.jhydrol.2009.11.015
https://doi.org/10.1080/02626667.2013.782407
https://doi.org/10.1016/0022-1694(70)90255-6
https://doi.org/10.1016/0022-1694(70)90255-6
https://doi.org/10.3318/priac.2020.120.11
https://doi.org/10.1002/wea.4288
https://doi.org/10.1002/joc.7542
https://doi.org/10.1016/j.jhydrol.2004.08.026
https://doi.org/10.1016/S0022-1694(03)00225-7
https://doi.org/10.1029/2017WR021838
https://doi.org/10.1175/JHM-D-22-0037.1
https://doi.org/10.1175/JHM-D-22-0037.1
https://doi.org/10.1016/j.jhydrol.2019.124307


15 of 15Geoscience Data Journal, 2026

Geological Survey; Copies of This Report Can Be Purchased From 
USGS Books and Open-File Reports Section.

Stahl, K., H. Hisdal, J. Hannaford, et al. 2010. “Streamflow trends in 
Europe: evidence from a dataset of near-natural catchments.” Hydrology 
and Earth System Sciences 14, no. 12: 2367–2382. https://​doi.​org/​10.​
5194/​hess-​14-​2367.

Turner, M. 2024. The First Global Reference Hydrometric Network for 
International Hydrological Climate Change Detection. Nature Scientific 
Data.

Turner, M., M. Bari, G. Amirthanathan, and Z. Ahmad. 2012. 
“Australian Network of Hydrologic Reference Stations-Advances in 
Design, Development and Implementation.” In 34th Hydrology and 
Water Resources Symposium, 19–22. Engineers Australia Sydney.

Walsh, S. 2012. “A Summary of Climate Averages for Ireland 1981–
2010.” Climatological Note 14, Met Éireann. https://​www.​met.​ie/​clima​
te-​irela​nd/​Summa​ryCli​mAvgs.​pdf. Accessed 27 July 2024.

Whitfield, P. H., D. H. Burn, J. Hannaford, et  al. 2012. “Reference 
Hydrologic Networks I. The Status and Potential Future Directions 
of National Reference Hydrologic Networks for Detecting Trends.” 
Hydrological Sciences Journal 57, no. 8: 1562–1579. https://​doi.​org/​10.​
1080/​02626​667.​2012.​728706.

Wilby, R. L., N. J. Clifford, P. De Luca, et al. 2017. “The ‘Dirty Dozen’ 
of Freshwater Science: Detecting Then Reconciling Hydrological Data 
Biases and Errors.” WIREs Water 4, no. 3: e1209. https://​doi.​org/​10.​
1002/​wat2.​1209.

Wilson, D., H. Hisdal, and D. Lawrence. 2010. “Has Streamflow 
Changed in the Nordic Countries?–Recent Trends and Comparisons to 
Hydrological Projections.” Journal of Hydrology 394: 334–346. https://​
doi.​org/​10.​1016/j.​jhydr​ol.​2010.​09.​010.

Yue, S., and C. Wang. 2004. “The Mann-Kendall Test Modified by 
Effective Sample Size to Detect Trend in Serially Correlated Hydrological 
Series.” Water Resources Management 18, no. 3: 201–218. https://​doi.​org/​
10.​1023/B:​WARM.​00000​43140.​61082.​60.

Zhang, Y., and D. Post. 2018. “How Good Are Hydrological Models for 
Gap-Filling Streamflow Data?” Hydrology and Earth System Sciences 
22, no. 8: 4593–4604. https://​doi.​org/​10.​5194/​hess-​22-​4593-​2018.

Zhang, Y., and P. J. Thorburn. 2022. “Handling Missing Data in Near 
Real-Time Environmental Monitoring: A System and a Review of 
Selected Methods.” Future Generation Computer Systems 128: 63–72. 
https://​doi.​org/​10.​1016/j.​future.​2021.​09.​033.

Supporting Information

Additional supporting information can be found online in the 
Supporting Information section. Figure S1: Mann–Kendall Z-scores 
derived from annual mean flows for 51 IHRN V2 stations. MK Z-scores 
are derived from observed flows for the given start year till the end of 
2022. Stations classified as good are shown in green and moderate are 
shown in orange. Figure S2: As Figure S1 but for seasonal mean flows. 
Figure S3: Boxplots of selected catchment descriptors as per Figure 2 in 
the main manuscript but including values for all individual catchments 
and their related performance at high mean and low flows. Figure S4: 
Map of potential future IHRN stations. 
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