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Abstract
Accurate assessment of population trends is invaluable in wildlife management, particularly for identifying species which are of
conservation concern, and consequently, reliable cost-effective methods for their determination are highly desirable. In a recent
publication (Eur J Wildl Res 62:407–413, 2016), the authors apply a subsampling method, used in several studies to quantify
population trends from citizen science data for butterflies, birds, and plants, to assess the status of West European hedgehogs
(Erinaceus europaeus) in England. Whilst the findings may be in agreement with expert opinion, we argue that this type of
approach does not adequately account for spatial bias common in mammal data and that without further evaluation it is unclear
whether the result is reliable or simply coincidental. To explore this concern, we apply the method across a range of terrestrial
mammal species and compare the resulting trends to other published studies. Our findings show that themethod fails to reproduce
the accepted qualitative trends for the majority of species. Furthermore, comparison of trends based on data obtained from
different sources produced conflicting predictions suggesting that the method is indeed vulnerable to survey bias. We therefore
conclude that at present, without additional modification to address survey bias, this is not a reliable method for predicting
population trends for mammals. However, more generally, this raises questions about the validity of subsampling methods based
on citizen science data, and we would urge future studies to exercise caution by performing analysis across a suite of species
including those with known trends for validation.
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Introduction

Methods for the accurate assessment of population trends are a
valuable tool in wildlife management, in particular, providing
key evidence to prioritise action such as conservation effort
(BRIG 2007). Whilst current methods typically rely upon di-
rect data collection, which can be impractical and costly to
obtain on the large spatial and temporal scales required, there
have been a growing number which overcome these issues by
instead using publically available citizen science data
(Bonney et al. 2009). Citizen science datasets are becoming

an important resource in ecology. They hold the potential to
reduce economic costs of conducting large-scale studies to
estimate species presence or absence to aid management de-
cisions (Croft et al. 2017). However, there is an ongoing chal-
lenge on how to manipulate publicly collected data that often
contains various biases as a result of uneven recording inten-
sity, irregular spatial coverage, and differences in sampling
effort (Dickinson et al. 2010; Isaac et al. 2014). This inconsis-
tency in data quality has been documented to be one of the
predominant reasons that scientists avoid using citizen science
datasets in peer-reviewed publications (Burgess et al. 2017).

Subsampling methods were initially used to predict popu-
lation trends for UK birds and butterflies (Warren et al. 2001;
Thomas et al. 2004). These methods compare changes in spe-
cies distributions across time periods accounting for differ-
ences in survey effort. A recent publication by Hof and
Bright (2016) applies subsampling to mammals for the first
time. They use a method based on citizen science data to
quantify population trends in England for West European
hedgehog (Erinaceus europaeus); a UK Biodiversity Action
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Plan (BAP) species documented to have experienced recent
declines (JNCC 2010). The study compares data sourced from
the Global Biodiversity Information Facility (GBIF), an inter-
national data portal for biodiversity information, and a nation-
wide BHog Watch^ public participation survey (which they
report is now also available via GBIF) across two 15-year time
periods, 1960–1975 and 2000–2015. In accordance with their
hypothesis, the findings from this study confirmed a decline in
hedgehog distribution across England suggesting a loss of 5–
7.4% since 1975.

This introduces some interesting ideas about how readily
available occurrence data could be used to infer changes in
species status, accounting for numerical differences in record-
ing effort, and demonstrates some merit by reproducing a
suspected trend. However, we raise concern that there is in-
sufficient consideration for spatial differences in recording,
which based on our experience are a feature of publically
available mammal data (Croft et al. 2017) and likely also of
other taxa. If not properly accounted for this could have a
significant impact on the distribution of randomly selected
records. For instance, it has been shown that in more recent
datasets, recording is significantly greater at more accessible
locations, i.e. in urban centres and close to roads (Warton et al.
2013). In a random subsample, such biases could mean a
greater number of records selected within the same cells,
thereby reducing the number of cells occupied and conse-
quently skewing predictions towards a decline.

Here, we test this hypothesis by applying the methodology
to a suite of terrestrial mammal species in England. We spe-
cifically include species such as deer which are known to be
expanding both in range and population. By conducting this
analysis, we aim to assess the degree to which the subsam-
pling method is susceptible to the spatial biases which occur in
citizen science data, and thus whether it is a valid, reliable
approach for predicting population trends for these taxa. We
did not assess the reliability of this approach for predicting
population trends for other taxa.

Materials and methods

Following the method used in Hof and Bright (2016), occur-
rence records within each of the two study periods, 1960–
1975 and 2000–2015, were downloaded from GBIF for all
terrestrial mammal species in the UK on the basis of Bhuman
observation^, Bmachine observation^, or Bobservation^
(https://doi.org/10.15468/dl.byq1fk). For comparison,
occurrence records for the same time periods were also
downloaded from the National Biodiversity Network (NBN)
Atlas (https://data.nbn.org.uk/): the UK node for GBIF. The
NBN is the UK’s largest biodiversity information portal
obtaining data from a suite of providers such as government,
charities, and local record centres. Typically, the NBN is

updated more frequently than GBIF and should offer a
greater number of records to analyse. If robust to recording
bias, we argue that predicted trends should be insensitive to
data source, and hence, predictions based on either GBIF or
NBN should be consistent.

From each download coordinates (Bdecimallatitude^/
Bdecimallongitude^), Beventdate^ and Bspecies^were extract-
ed for all observations, excluding any which did not fulfil this
basic level of information. Coordinates of both datasets were
transformed fromWGS84 to the British National Grid (BNG),
before being assigned to a respective 10-km Ordnance Survey
(OS) grid cell to enable data analysis at the 10 km by 10 km
scale. To allow a comparison of West European hedgehog
trends with those published by Hof and Bright (2016), data
was only analysed within the political boundary of England.
Therefore, all records outside of this boundary were omitted.

GBIF and NBN datasets do not have consistent records for
observer, coordinate uncertainty, or time of sighting, and so, it
was not feasible to discard observations where there were
multiple sightings, by the same observer, at the same locality
or observations with less than 100m accuracy, without remov-
ing a significant proportion of both datasets. Nevertheless, in
accordance with Hof and Bright (2016), duplicate records
with identical Bsite^, Beventdate^, and Bspecies^ were
discarded in an effort to remove some of the bias in survey
effort.

Using these cleaned datasets, historic and recent coverage
of each species (33 in total with sufficient data to perform the
analysis; nominally at least 15 records across 10 unique sites
per dataset) across England was then calculated by dividing
the number of 10 km by 10-km grid cells with recorded oc-
currences by the total number of 10 km by 10-km grid cells
within England, 1739 as documented by Hof and Bright
(2016). However, due to suspected increased surveying effort
over time, the recent dataset was nearly always larger than the
historic dataset. For example, recent records for West
European hedgehog were 7 and 35 times larger for GBIF
and the NBN datasets, respectively. Therefore, similar to
Hof and Bright (2016), we performed a subsampling approach
matching the size of the larger dataset to the size of the smaller
dataset by taking a random sample and omitting any remain-
ing records. Subsequently, the percentage coverage of the sub-
sample was calculated and hence the relative change in cov-
erage. This process was repeated 10,000 times, calculating the
mean, 5 and 95% confidence limits for the relative change
between the two study periods.

In order to measure the validity of our results, we compared
predicted trends for each species against a consensus deter-
mined from a review of trends published in the wider literature
(Aebischer et al. 2011; Battersby 2005; BCT 2014; Croft et al.
2017; Harris et al. 1995; Harris et al. 2015). Mostly, these
trends were only qualitative indicating whether populations
are significantly increasing, decreasing, or stable. The latter

28 Page 2 of 6 Eur J Wildl Res (2018) 64: 28

https://doi.org/10.15468/dl.byq1fk
https://data.nbn.org.uk


is difficult to define quantitatively, and there are several clas-
sification methods available. Initially, we considered using
confidence limits to determine if a change is statistically dif-
ferent from zero. However, we found that the variance gener-
ated by the subsampling approach was generally too small to
predict any stable trends. We also considered setting limits
based on definitions from The International Union for
Conservation of Nature (IUCN), which classes species as
Bvulnerable^ if they experience a 20% decline in abundance
(IUCN 2001); although we note it is arguable that a 25%
increase or decrease would need to occur to observe a change
in the UK, therefore, this is used for the Bmoderate^ declines
forming UK BAP species listings (BRIG 2007). However,
based on these criteria, all populations would be classified as
Bstable^. Rather than either of these criteria, we instead sug-
gest a simple classification based on the average magnitude of
change in coverage for each dataset across all species to de-
termine whether a change is significant, i.e. an increase or
decline depending on direction, respectively. Population
changes with magnitudes less than the average across all spe-
cies are considered stable.

Finally, to confirm, as suggested by previous studies
(Warton et al. 2013), that more recent datasets contain greater
clustering of records, which we argue may confound predic-
tions, we computed the variance tomean ratio (VMR) for each
historic and recent dataset. VMR is a measure of dispersion
and can be used to quantify how clustered records are. Higher
VMR values indicate a greater degree of dispersion, or clus-
tering, in records.

Results

Initially focusing on the West European hedgehog, we ob-
served, in agreement with Hof and Bright (2016), an increase
in the number of occurrence records within the more recent
study period (2000–2015) compared with the historic period
(1960–1975) in both the GBIF and NBN datasets. Perhaps
unsurprisingly, the dataset obtained fromGBIF was most sim-
ilar to that reported in Hof and Bright (2016), albeit with an
increase in the number of recent records (nearly double) clus-
tered over a marginally reduced area (80 versus 91.4%). The
dataset obtained from the NBN contained fewer historic re-
cords than that reported in Hof and Bright (2016) over a re-
duced spatial coverage. It also showed a substantial increase in
the volume of recent records (five times), but similar to the
dataset obtained from GBIF, these were distributed over a
reduced area compared to that of Hof and Bright (74% of
England compared to 91.4 in the original publication). Both
historic and recent datasets based on GBIF and the NBN
showed indications of clustering (VMR > 1) with VMR
values of 3.4 (historic) and 84.1 (recent) for GBIF and 3.9
and 115.1 for the NBN, respectively.

Following the subsampling approach, we predicted a
change in population of − 15.7% (± 0.01%; 95% CI) and −
7.81% (± 0.01%) based on the GBIF and NBN datasets, re-
spectively. Comparing these to the mean change across all
species of 10 and 3% for the GBIF and NBN datasets, respec-
tively, we would conclude that both indicate a significant de-
cline in population. The published trends on West European
hedgehogs (Aebischer et al. 2011; Battersby 2005; BCT 2014;
Croft et al. 2017; Harris et al. 1995; Harris et al. 2015) suggest
that the species experienced a decline between 1960 and 1995
and have remained stable since. Therefore, an overall decline
would be expected between the two study periods, which is
supported by these results. It is worth noting that the results
from this study and the Hof and Bright (2016) publication do
not predict the West European hedgehog to be declining by
25% or more, despite it being listed as a UK BAP species,
judged as showing more than a 50% decline over 25 years
(JNCC 2010).

As mentioned previously, all deer species in England have
published population trends showing an overall increase in
abundance (Table 1). Muntiacus reevesi (muntjac deer) and
Capreolous capreolous (roe deer) have displayed population
increases between 1960 and 1995 and post 1995, whereas
Cervus elaphus (red deer) andDama dama (fallow deer) have
experienced population increases between 1960 and 1995 but
remained stable post 1995. As a result of the analysis, using
the value set for significant change in populations, the GBIF
dataset predicts 100% (n = 4) of the deer species to remain
stable. The NBN dataset predicts roe deer to be increasing,
red deer to remain stable, and both fallow deer and muntjac
deer to be declining (Table 1; highlighted in grey). VMR
scores showed historic and recent records to be clustered for
all species based on both GBIF and NBN datasets with the
exception of muntjac where historic records were marginally
under-dispersed. In all cases, the VMR of recent records was
substantially increased (approximately ten times) compared to
that of the historic records: average VMR of 5.4 (historic) to
53.1 (recent) and 8.0 to 74.2 for GBIF and the NBN datasets,
respectively.

Of the 33 species analysed in this report, only 12% (n = 4)
displayed trends across both datasets that match trends pub-
lished in the wider literature, one species remaining stable and
three decreasing; 6% (n = 2) had trends that matched pub-
lished data for the GBIF dataset but not NBN, and both were
species in decline; 18% (n = 6) showed trends that matched
published trends for the NBN dataset but not GBIF; and 61%
(n = 20) displayed trends for both GBIF and NBN datasets
that do not match trends published in literature, 35% (n = 7)
of which showing conflicting trends which means this oc-
curred for a total of 45% (n = 15) of species. It should be noted
that for one species, Vulpes vulpes (red fox), a GBIF trend
could not be calculated due to lack of data. A decrease in
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distribution was calculated from NBN data which disagreed
with published trends for the species.

Trends based on the GBIF dataset showed a clear bias
towards predicting a decline with 65% (n = 17) of the 26
trends incorrectly predicted classified with a more pessimistic
outlook than expected. Themean percentage change across all
species was also skewed heavily towards decline showing a

value of − 8.7%. Trends based on the NBN also show some
signs of bias towards predicting a population decline but was
more marginal; 56% (n = 13 out of 23 incorrect predictions)
classified with a more pessimistic outlook than expected and a
mean change across all species of − 1.1%.

In general, VMR statistics across all species, for GBIF and
NBN datasets, indicated some degree of clustering (likely

Table 1 A summary of the subsampling results for 33 mammal species in England using GBIF and NBN opportunistic occurrence datasets

GBIF (coverage) NBN (coverage) Published trends

Species Historic Recent Change Historic Recent Change Historic Recent Overall

Erinaceus europaeus 69.2 (3492) 80.3 (25724) − 15.7 (−) 44.5 (1744) 74.7 (94415) − 7.0 (−) − = −
Capreolus capreolus 23.7 (1168) 61.7 (8461) 1.6 (=) 14.2 (643) 60.4 (21933) 4.3 (+) + + +

Cervus elaphus 10.8 (538) 20.7 (2180) − 2.0 (=) 5.0 (278) 20.0 (2656) 1.5 (=) + = +

Dama dama 19.5 (682) 31.5 (2115) − 4.2 (=) 10.5 (258) 24.6 (4568) − 3.3 (−) + = +

Muntiacus reevesi 18.3 (626) 40.9 (6341) − 5.1 (=) 16.3 (351) 37.9 (18588) − 6.8 (−) + + +

Apodemus flavicollis 9.4 (249) 11.7 (1959) − 3.7 (=) 3.6 (84) 11.6 (1955) − 0.5 (=) − − −
Apodemus sylvaticus 45.7 (1628) 42.8 (7248) − 19.8 (−) 25.2 (789) 69.9 (80228) − 0.4 (=) = = =

Arvicola amphibius 38.0 (1473) 37.8 (5745) − 14.7 (−) 18.6 (618) 36.9 (5574) − 3.2 (−) − − −
Eptesicus serotinus 2.5 (52) 26.2 (3016) 0.3 (=) 1.3 (26) 25.8 (2904) 0.0 (=) − = −
Lepus europaeus 50.6 (2366) 56.0 (13452) − 16.8 (−) 23.1 (1194) 68.7 (28544) 8.8 (+) − = −
Meles meles 56.4 (1879) 59.3 (7508) − 20.5 (−) 5.4 (103) 5.0 (214) − 2.2 (=) + + +

Micromys minutus 31.9 (840) 13.8 (691) 13.8 (+) 17.1 (377) 13.2 (626) − 7.0 (−) − − −
Microtus agrestis 40.4 (1413) 31.6 (2273) − 15.3 (−) 19.8 (633) 33.6 (2248) − 3.1 (−) − = −
Mus musculus 3.4 (166) 11.2 (442) 2.6 (=) 2.2 (86) 10.3 (427) 1.4 (=) − − −
Mustela erminea 49.0 (1755) 42.9 (3955) − 19.5 (−) 21.5 (691) 56.1 (5908) − 0.7 (=) − + +

Mustela nivalis 51.3 (2098) 39.1 (2453) − 14.9 (−) 25.1 (892) 46.3 (2827) 1.1 (=) − + −
Mustela putorius 6.3 (188) 17.3 (1358) 0.2 (=) 4.5 (104) 17.3 (1327) − 0.1 (=) + = +

Myodes glareolus 39.2 (1362) 29.3 (2264) − 15.9 (−) 22.7 (755) 31.3 (2289) − 4.7 (−) * = =

Myotis daubentonii 4.7 (126) 43.8 (9131) 1.3 (=) 2.8 (65) 43.2 (9359) 0.6 (=) − = −
Myotis mystacinus 6.0 (180) 21.6 (1592) 0.1 (=) 1.8 (41) 12.5 (737) 0.1 (=) − = −
Myotis nattereri 6.0 (170) 34.9 (5236) 0.9 (=) 3.9 (97) 34.4 (5025) 0.6 (=) − + =

Neomys fodiens 24.1 (635) 16.6 (691) − 8.2 (=) 11.4 (279) 15.5 (600) − 1.8 (=) − − −
Neovison vison 11.2 (247) 27.5 (2746) − 3.1 (=) 3.9 (82) 29.2 (2553) − 0.2 (=) + − +

Nyctalus noctula 7.1 (229) 40.6 (5419) 2.3 (=) 4.4 (129) 40.1 (5598) 1.6 (=) − = −
Oryctolagus cuniculus 68.4 (3458) 71.1 (16932) − 20.9 (−) 38.2 (1589) 80.7 (106576) 0.6 (=) + − +

Plecotus auritus 10.8 (297) 52.4 (8299) 1.1 (=) 6.6 (152) 50.9 (7987) 0.5 (=) – = −
Rattus norvegicus 45.1 (1508) 47.7 (4751) − 14.7 (−) 23.9 (702) 71.1 (46389) − 1.3 (=) − + +

Sciurus carolinensis 48.1 (2237) 65.2 (26064) − 14.6 (−) 23.6 (928) 78.2 (310884) 7.2 (+) + + +

Sciurus vulgaris 22.3 (1252) 9.7 (12560) − 16.2 (−) 7.8 (485) 10.7 (12192) − 2.9 (=) − + =

Sorex araneus 47.1 (1873) 34.3 (2173) − 14.9 (−) 26.8 (965) 40.0 (2419) − 1.0 (=) * = =

Sorex minutus 31.7 (935) 21.1 (1396) − 13.8 (−) 15.2 (417) 21.6 (1365) − 3.1 (−) * = =

Talpa europaea 74.2 (4179) 62.7 (11841) − 27.2 (−) 50.4 (2233) 77.2 (59564) − 12.5 (−) * = =

Vulpes vulpes 0.0 (0) 1.6 (60) 25.3 (958) 76.1 (93241) − 1.9 (=) + = +

Coverage represents the percentage of the 1739 10 km by 10-km grid cells in England and has been calculated for both historic (1960–1975) and recent
(2000–2015) time frames (values in brackets are the number of records in each time frame). Percentage change was calculated as the difference between
the historic coverage and the mean coverage obtained after subsampling the data. Published population trends for 1960–1995 and post 1995 have been
sourced from the following: Harris et al. (1995); Battersby (2005); Aebischer et al. (2011); Harris et al. (2015); BCT (2014); Croft et al. (2017), and a
comparison of these trends has enabled an overall consensus trend for 1960–2015 to be estimated. Symbols relating to species trends are as follows: (−)
denotes a decrease, (+) symbolises an increase, and (=) denotes that the species has remained stable. (*) is noted when there was no published trend
available
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owing to underlying habitat preference of species) of both
historic and recent records with clustering of recent records
substantially greater. An average increase in VMR for recent
records of approximately ten times compared to that comput-
ed for historic records: 3.2 (historic) to 36.2 (recent) for GBIF
and 4.1 to 56.9 for the NBN, respectively.

Discussion

In this paper, we have tested the efficacy of subsampling
methodology based on citizen science data to predict popula-
tion trends for mammal species. Our hypothesis was that the
method does not adequately address spatial bias which is
known to occur in this type of data (Dickinson et al. 2010)
and as a consequence that the predictions generated are not
reliable to infer change, even at a qualitative level. The results
across the 33 mammal species tested confirm this suspicion
with only 12% showing predicted trends consistent with other
published studies independent of which dataset, GBIF or
NBN, was used. The lack of consistency in the remaining
88% of cases, particularly the disagreement between predic-
tions produced using different albeit similar datasets, high-
lights the method’s dependence on choice of dataset and an
inherent vulnerability to the survey biases they contain. It
must however be noted that the published trends were also
not always consistent across sources.

It is unclear whether this failure is solely due to the pres-
ence of spatial bias, but we suggest that the greater spatial
clustering observed in more recent datasets, albeit not notice-
ably around urban areas (Warton et al. 2013) due largely to the
proliferation of mobile phone apps (e.g. mammal tracker) and
the internet (Dickinson et al. 2012; Tulloch et al. 2013) as
suggested by previous studies, may cause subsampling to un-
derestimate the number of occupied cells. Consistent with this,
the resultant predictions are biased towards a general decline
in populations when based on GBIF data, and to a lesser
extent by those generated from the NBN data. Both show that
when trends are predicted incorrectly, they were more likely to
indicate a more negative outcome.We note however that there
are a substantial percentage of incorrectly predicted trends for
which we see more positive outlook than expected. For such
cases, spatial bias could still be argued responsible if patterns
conflict with the underlying species distribution thereby re-
ducing clustering in the recent dataset (compared to that which
may be anticipated from habitat preference alone). In either
case, the extent to which any spatial bias may affect the results
is a complex problem which is likely dependent on other fac-
tors in the method such as the density of records in the historic
dataset (number and coverage of records which have opposite
impacts on predicted trend; an increased number of records, or
subsample size, should induce a positive change and mitigate
the effects from spatial bias whereas a decrease in coverage

should elicit a similar effect by increasing the difference be-
tween the historic and subsampled datasets) and the coverage
of records in the recent, larger, dataset.

A common approach to mitigate spatial bias is by aggre-
gating data to a lower resolution, thus reducing variability.
However, the nature of the subsampling method, which relies
on spatial variation of records to indicate relative confidence
in presence (typically, we would expect these to appear to-
wards the range edge), means that aggregation also reduces
model sensitivity preventing detection of any population
changes. Nevertheless, we repeated the analysis based on a
25-, 50-, and 100-km grid to test whether this may provide a
solution. The results showed no improvement in the qualita-
tive classification of trends.

Several toolkits have been developed to address the prob-
lem of bias in citizen science data (Isaac et al. 2014), for
example, Frescalo (Hill 2012) which attempts to standardise
survey effort spatially by scaling the number of records for
each species relative to the proportion of Bbenchmark^ species
observedwithin a given neighbourhood compared to the num-
ber expected, the application of which may improve the reli-
ability of this method. However, there are a number of com-
peting methodologies developed and successfully applied for
other taxa which may provide a simpler more robust
alternative. For instance, a method developed by Ball et al.
(2011) to produce an atlas of UK hoverfly species proposed
species status could be estimated as a proportion for the total
records of all species recorded within the same time frame.
Therefore, in the instance of the West European hedgehog, the
number of occurrences of hedgehogs per year would be divid-
ed by the total number of observations of all mammal species
during that year. The results could subsequently be presented
as an index from a baseline date, for example 1995, and any
deviation from this baseline index would suggest a trend in
species abundance. Extensions of this basic idea have been
further developed by the Game and Wildlife Conservation
Trust (Aebischer et al. 2011) and the British Trust for
Ornithology (Harris et al. 2015) using models to smooth the
effects from variable survey bias. A more comprehensive
toolkit has also been developed by the Centre for Ecology
and Hydrology (CEH) to calculate species trends specifically
accounting for various biases that frequently occur in occur-
rence data (Isaac et al. 2014). The methods incorporated vary
in complexity from calculating an overall trend for total re-
cords over time and using the deviance from this trend to
calculate individual species population trends (Telfer et al.
2002), to occupancy models that incorporate a range of covar-
iates (Isaac et al. 2014).

We conclude that in order to reduce economic costs of
conducting large-scale studies to predict population trends in
mammal species and inform management decisions, the po-
tential of citizen science datasets needs to be harnessed by
accounting for relevant biases. At present, without
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modification to account for spatial survey bias, subsampling
approaches are not a reliable tool to predict trends in UK
mammal species. More widely, this raises questions regarding
the general applicability of subsampling methods based on
unstructured citizen science data to predict trends for any taxa.
To elevate the problem of spatial bias, we would initially rec-
ommend that future studies consider other available methods
using a systematic approach starting with the simplest method
and increasing complexity. However, if a subsample method-
ology is applied, it must be done so across a suite of species
including some with known qualitative trends in order to pro-
vide a benchmark for validation.

Open Access This article is distributed under the terms of the Creative
Commons At t r ibut ion 4 .0 In te rna t ional License (h t tp : / /
creativecommons.org/licenses/by/4.0/), which permits unrestricted use,
distribution, and reproduction in any medium, provided you give appro-
priate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made.
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