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Abstract Water temperature is a key driver of

aquatic processes. Monitoring stream water tempera-
ture is key to understanding current species distribu-

tions and future climate change impacts on freshwater

ecosystems. However, a very small fraction of streams
are continuously monitored for water temperature

throughout North America, due to prohibitive logis-
tical costs. We develop a framework that aids in

developing cost-effective stream temperature moni-

toring by using stream habitat features to inform
strategic site selection of temperature monitoring sites.

We test this framework using sockeye salmon spawn-

ing streams as a model, which included 19 streams in
the northern-most watershed of the Fraser River Basin,

British Columbia, Canada. The objective of this

framework is to evaluate the trade-off between cost
(i.e., the number of streams monitored) and the

effectiveness of monitoring scenarios at meeting

different monitoring objectives. We compared mon-

itoring scenarios that were informed by well-estab-
lished relationships between variables and that are

commonly collected or available as part of other

monitoring activities (stream length, magnitude,
order, gradient, wetted width, and spot temperatures)

and water temperature metrics (maximum, mean, and
variance during August) derived from continuously

monitored streams to monitoring scenarios where

streams were randomly selected. Informed scenarios
included streams that were selected in order of

watershed level and stream habitat characteristics

(e.g., longest to shortest); ordering was based on the
relationship between each habitat variable and tem-

perature metrics. Informed monitoring scenarios were

then compared to random selection of monitoring sites
with regard to how well monitoring scenarios met two

management objectives during the critical salmon

spawning period: (1) identifying streams that exceed a
temperature threshold and (2) identifying streams that

represent the temperature regime of a complex of

streams (e.g., mean and variance of streams within an
aggregate of streams). Management objectives were

met by monitoring fewer streams using the informed

monitoring scenarios rather than the average of the
random scenarios. This highlights how common

inexpensive watershed level variables that relate to

stream temperature can inform the strategic selection
of sites and lead to more cost-effective stream

temperature monitoring.
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Introduction

Water temperature plays a critical role in the biology
and ecology of aquatic organisms (Ward and Stanford

1982; Magnuson 1991). Temperature drives key

biological processes such as metabolic and develop-
mental rates (Clarke and Johnston 1999), which can

shape growth and size (Selong et al. 2001), behavior

(Kovach et al. 2012), reproduction (Fleming and Gross
1990), and ultimately fitness (Becker and Genoway

1979). The well-demonstrated importance of water

temperature for aquatic species highlights the need for
water temperature monitoring, which can be used to

understand how changes in temperature, such as

through climate change, can impact aquatic systems
and inform management.

Information on stream temperature is important for

the management of freshwater ecosystems. For exam-
ple, stream temperature is a key factor in determining

habitat suitability for range of taxa (e.g., macroinver-

tebrates (Reynoldson et al. 2006) and fish (Eaton and
Scheller 1996)). Long-term datasets of freshwater

temperatures have also been used to identify high-

temperature streams (Nelitz et al. 2007) and future
climate change impacts on freshwater temperatures

(Isaak et al. 2011; Mayer 2012; Luce et al. 2014).

However, this extensive level of monitoring effort is
concentrated in only a few watersheds (i.e., collecting

hourly data on large number of sites annually) because

of time and financial constraints. This forces managers
to make difficult decisions about how much monitor-

ing is enough for a given level of uncertainty for

unmonitored or sparsely monitored systems. This
decision is particularly challenging when little-to-no

information about the trade-off between cost and

effectiveness of stream temperature monitoring for
assessing habitat status is available. Effectiveness can

be thought of as how well a monitoring scenario (e.g.,

number and location of monitoring sites) meets an a
priori objective. For example, this could be the

certainty with which one designates habitat suitability

or status. Costs are often thought of as primarily
financial and will increase with monitoring effort.

Although these general relationships provide a starting
point, it is necessary to know their exact form.

Understanding the form of the trade-off between cost

and effectiveness for different levels of monitoring
effort and what level of monitoring effort will meet

management objectives will help guide the develop-

ment of sustainable monitoring programs (Braun and
Reynolds 2012; Whitfield 2012).

Strategic site or stream selection can also be

important for cost-effective monitoring. There are
many drivers of stream temperature such as atmo-

spheric conditions, topography, streambed, and stream

discharge (reviewed in Caissie 2006) that could aid in
stream selection; however, many require expensive

fieldmonitoring. Relationships between these variables

and stream temperature may be complex with season-
ally (Hrachowitz et al. 2010) and regionally (Ward

1985) specific relationships. In contrast, steam order

shows a general pattern whereby higher-order streams
have higher mean daily temperature (Caissie 2006).

Moore et al. (2015) showed that streams that integrate

larger catchment areas had lower temperature variabil-
ity between June andAugust. Streams that drain a larger

area at lower elevations have the highest temperatures

(Moore 2006; Nelitz et al. 2007). A large study of the
US Pacific Northwest showed that a summer baseflow

index and stream channel slopewere strongly related to

summer stream temperatures (Mayer 2012). It has also
been shown that watershed geomorphology can largely

explain water temperature during salmon spawning in

Alaska (Lisi et al. 2013). Stream characteristics that can
describe temperature could be used to select streams for

temperature monitoring. For example, if the objective

was to identify high-temperature streams (i.e., streams
with temperatures that exceed some biologically rele-

vant temperature), selecting the largest watersheds for

monitoring would be the most cost effective. Knowing
the relationships betweenwatershed characteristics and

water temperatures could be used to select subsets of

streams for monitoring that maximize relevant infor-
mation, which are likely to be more informative than

randomly selecting streams. An application of water-
shed–temperature relationshipswould be to use them to

design cost-effective temperature monitoring

programs.
Relationships between measured values and their

surrogates (e.g., relationships between water temper-

ature and watershed characteristics) are particularly
useful when the surrogate is less expensive to monitor

Aquat Ecol

123



than the variable of interest. Watershed metrics, such
as metrics of stream size, are inexpensive to collect for

the individual researcher, since many can be derived

from online sources, are being collected as part of
another program, and are available for most water-

sheds. Continuous water temperature monitoring

requires expensive fieldwork and temperature loggers
and is not often feasible for all potential sites. The use

of surrogates to select streams for monitoring can both

reduce costs and expand the spatial extent of moni-
toring leading to more comprehensive programs.

Sockeye salmon spawning streams are a good

model system to test a cost-effective monitoring
framework because of the established links between

water temperature and survival, and the increased use

of temperature monitoring for salmon management.
Recent studies have demonstrated particularly dra-

matic effects of high freshwater temperatures on

salmonids (Richter and Kolmes 2005; Martins et al.
2012). Effects of high water temperatures include

decreasing swimming performance (Lee et al. 2003),

increasing disease prevalence (Bradford et al. 2010),
decreasing juvenile size (Braun et al. 2013), and

decreasing survival (Crozier et al. 2008; Martins et al.

2011). The importance of freshwater temperatures to
salmonids has led to the development of predictive

models of water temperatures for key life stages that

are used to support adaptive management actions. For
example, physical deterministic (Morrison and Quick

2002) and statistical (Hague and Patterson 2014)

models have been developed to predict water temper-
atures during upstream migrations for Fraser River

sockeye salmon populations. Water temperature pre-

dictions from both these models and associated risk of
mortality are currently being used to make in-season

management decisions about fisheries (Macdonald

et al. 2010). Furthermore, water temperature is a key
indicator of habitat status for salmon streams that are

used for migrating, spawning, and juvenile rearing

(Strategy 2, Wild Salmon Policy) (Stalberg et al.
2009). In addition, stream temperature monitoring can

be used in future climate change scenarios that will
allow for adaptive management of species and pop-

ulations at risk (Crozier et al. 2008; Hague et al. 2011;

Reed et al. 2011; Breau and Caissie 2013). Despite the
importance of temperature measurements for salmon

ecology and management in western Canada, the lack

of publicly available data limits the current use of
temperature data to inform management.

We developed a general approach to guide the
selection of monitoring sites with regard to the number

and location of sites. We use sockeye salmon spawn-

ing streams to illustrate the general principles of this
approach. The basic approach is outlined in Fig. 1. We

used two monitoring objectives: (1) identify spawning

streams with high temperatures (i.e.,[15 "C) and (2)
identify subsets of spawning streams that are most

representative of the thermal regime of a complex or

aggregate of streams. For both objectives, we aimed to
minimize the number of streams required to achieve

either minimal cost (i.e., fewest number of streams)

for a desired level of uncertainty or maximal effec-
tiveness for a fixed cost (i.e., fixed number of streams).

Relationships between stream thermal characteristics

(derived from continuous temperature monitoring)
and watershed characteristics (including spot temper-

ature measurements) for 19 streams were explored to

inform selection of streams in the absence of contin-
uous temperature monitoring. We show how well

sampling designs informed by existing watershed and

temperature data perform relative to uninformed
designs (random selection of streams). Uninformed

monitoring scenarios, based on random stream selec-

tion, are used to illustrate the uncertainty in either
identifying high-temperature streams or appropriately

characterizing temperature status of an aggregate of

streams. We show how this uncertainty varies over a
range of streams sampled and that a few inexpensive

stream variables can inform sampling designs to

reduce uncertainty and lead to more cost-effective
temperature monitoring.

Materials and methods

Study system

Westudied 19 tributaries of theStuartwatershed,which

is the northern-most watershed in the Fraser River
Basin, British Columbia. These tributaries are home to

spawning populations of sockeye salmon (On-
corhynchus nerka) known as the Early Stuart sockeye

complex. These fish enter the Fraser River in early July

and migrate upstream to spawn in August. Their spawn
timing overlapswith thewarmestwater temperatures in

their spawning streams (Braun—unpublished data).

Resident fish species include rainbow trout (On-
corhynchusmykiss), bull trout (Salvelinus confluentus),
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prickly sculpin (Cottus asper), mountain whitefish

(Prosopium williamsoni) and burbot (Lota lota). All
streams in this study have a stream order between 2 and

4 and bankfull width of\30 m.

Exploratory analyses

Watershed characteristics

We measured 6 watershed characteristics from field

surveys (Braun and Reynolds 2011) and from online
mapping programs (Table 1). Details for how data

were collected during field surveys can be found in

Braun and Reynolds (2011) but briefly, stream char-
acteristics were measured in stream reaches that have

historically had the highest sockeye salmon spawning

densities. Reach length was defined as 30 times the
bankfull width. Wetted width measured at 16 transects

were used to calculate the mean wetted width. Stream

gradient is the average slope of the reach and was

measured using a 5X Abney hand meter. Spot
temperature measurements are single temperature

measurements using a handheld multimeter. Our spot

measurements were replicated 3–5 times between
June to August, and our values are averages for each

stream. Spot temperatures were measured between

8:00 and 18:00. Spot temperature collections are
standard practice for salmon enumeration programs

during visual spawning surveys (e.g., every 3–7 days

re-visit each creek) (Schubert and Fanos 1997), as
such they represent a common source of inexpensive

data for large number of streams.

Additional stream characteristics were obtained
from Habitat Wizard (http://www.fishwizard.com/),

an online map display tool that can be used to measure

different watershed characteristics inBritish Columbia.
These variables included stream magnitude, which is

the sum of stream segments with a magnitude of one

Fig. 1 Flow diagram of the framework for examining cost-effective monitoring scenarios
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(Bridge 2003) and stream length, which is the total

length of themainstemof the stream.We also identified
stream order (Strahler 1957). A first-order stream is a

stream that has no tributaries, whereas a second-order

stream has two tributaries that are both first order. The
order of a stream segment is equal to 1 plus the nth order

of the two joining stream segments (Platts 1979).

Stream temperature

Temperature metrics were derived from temperature
loggers placed in 19 sockeye spawning streams. Three

temperature loggers were vertically stratified at one

location per stream. A 3-foot piece of rebar was
hammered into the streambed, and loggerswere fixed to

the rebar. The bottom logger was positioned 15 cm in

the substrate, the middle one on the substrate surface,
and the top logger was 15 cm above the substrate

surface. Within streams, loggers were located in

habitats where sockeye salmon typically spawn (e.g.,
glide and run habitats). Loggers began recording on the

same hour and at 2-h intervals from August 2010 to

August 2011. Comparisons among streams were made
with temperatures derived from all loggers when

possible, though in some cases data from a single

logger were used due to logger failure. The mean was
taken when there were data for more than one logger at

each 2-h interval. There was little variation among

loggers within a stream (mean difference\0.55 "C and
standard deviation\0.91 "C).

In this study, we focused on the spawning period for

sockeye salmon, which typically begins the last week of
July and peaks between the first and second week of

August. This period coincides with the warmest

temperatures experienced by spawners and their incu-
bating eggs. Specifically, we calculated three temper-

ature metrics using the continuous temperature loggers

for a 25-day period from August 7–31, 2010: (1)
Maximum temperature recorded in a stream during the

sampling period; (2) dailymean temperature in a stream

over the entire sampling period; and (3) variance of the
daily mean temperatures of a stream over the entire

Table 1 Summary of stream characteristics and temperature metrics

Creek Online data (low cost) Field data (high cost) Continuous temperature metrics

Mainstem
length (km)

Order Magnitude Spot
temp (8C)

Gradient
(%)

Wetted
width (m)

Max daily
temp (8C)

Mean daily
temp (8C)

Temp
variance (8C)

10 Mile 5.9 2 2 8.2 4.8 3.8 12.7 9.6 1.6

15 Mile 18.5 3 14 7.0 3.7 9.5 13.1 9.9 2.3

25 Mile 17.6 2 6 7.8 2.7 7.9 13.9 10.2 3.2

Ankwill 27.4 4 44 8.6 1.6 29.1 15.1 10.7 3.4

Blanchette 10.6 2 5 6.7 3.5 8.1 12.9 10.1 1.4

Crow 10.4 2 4 7.9 1.4 7.3 11.8 9.2 1.3

Die hard 7.8 2 4 6.1 5.8 7.2 12.1 9.5 1.8

Forfar 15.4 3 13 9.0 1.4 6.5 14.2 10.4 2.7

Forsythe 25.7 4 36 8.8 1.2 9.0 16.6 11.7 4.3

French 23.5 3 25 9.7 1.3 6.8 16.1 11.8 4.1

Frypan 26.9 4 59 9.2 0.8 11.6 17.2 11.9 5.1

Gluskie 18.5 3 13 7.7 1.2 8.3 14.2 10.7 2.0

Hooker 6.6 2 2 7.3 4.2 3.1 11.2 8.5 1.2

Hudson Bay 18.4 3 11 8.9 1.4 7.9 14.4 10.7 3.1

Leo 20.8 3 14 12.0 0.8 7.7 16.7 13.7 2.9

Maclaing 22.3 3 10 9.6 2.1 7.2 15.9 11.7 3.8

Narrows 19.7 2 6 11.0 1.2 12.3 15.2 11.9 2.6

Online and field data were collected in 2007. Field data were collected between June and July. Continuous temperature metrics were
calculated using temperature data collected during sockeye salmon spawning season (August) in 2010. Field data and temperature
were collected in the lower reach of[1.5 km from lake confluence
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sampling period. There were strong correlations
between these temperaturemetrics across the19 streams

(maximum vs. mean r = 0.92; maximum vs. variance

r = 0.88; mean vs. variance r = 0.68).

Monitoring objectives and approaches

We assessed how different monitoring scenarios,

which varied in the number and location of monitoring

sites, would meet two monitoring objectives. We used
the number of monitoring sites as our cost metric

rather than specific dollar amounts because our aim

was to provide a general illustration of our framework.

Objective 1—threshold monitoring

Our first objective was to identify high-temperature

streams (Fig. 1), which is important to understanding

the distributions (Beer and Anderson 2013; Lisi et al.
2013) and survival of salmonids (Elliott 1991;

Mcmahon et al. 2007). We define high-temperature

streams as streams that are likely to exceed some
biologically relevant threshold. For example, it has

been suggested that temperatures [15 "C can have

negative impacts on spawning, incubation (Whitney
et al. 2013) and rearing salmonids (Stalberg et al.

2009). We applied our framework using 15 "C but any

temperature could be used to accommodate differ-
ences in thermal thresholds among species and

populations; this could also include minimum tem-

perature thresholds. Identifying high-temperature
streams can help identify salmonid populations at risk

of high (or low) temperature events, leading to harvest

reductions to compensate for higher mortality from
temperature stress (e.g., Macdonald et al. 2010) or to

prioritize habitat restoration efforts.

We evaluated how well different subsets (i.e.,
monitoring scenarios) of streams captured high-tem-

perature streams by calculating the percentage of

temperature events[15 "C. Temperature events are
defined as the number of days when the temperature

recorded by the loggers exceeded the threshold. The
number of temperature events was summed for each

stream. The total number of events for sampling

scenarios was calculated as:

Ti ¼
Pni

j¼1 tjPn
j¼1 tj

# 100 ð1Þ

where T is the percentage of temperature events for
monitoring scenario with a sample size of i, n is the

total number of streams for sample size i, and t are the

number of temperature events for each stream j that
make up the monitoring scenario i. The numerator

represents the total number of temperature events
detected for monitoring scenario of sample size i, and

the denominator represents the total number of

temperature events detected when all streams are
monitored (i.e., n = 19).

Objective 2—representative monitoring

Assessing habitat status for a Conservation Unit

(Canada) (Canada 2005) or Evolutionarily Significant
Unit (USA) (Good et al. 2007) is a key goal for salmon

management. To know the true temperature status of

all salmon streams in the geographic region of the
Conservation Unit, all streams need to be monitored;

however, approximations of status could be made

using subsets of streams if they provided good
representations of the others.

We compared the means and variances for subsets

of streams to the mean and variance of all the streams
in a Conservation Unit. This evaluates how well a

monitoring scenario represents the true status of a

group of streams, such as a region, Conservation Unit
or Evolutionary Significant Unit. While this approach

assesses the relative performance of monitoring sce-

narios, managers need to decide what constitutes
acceptable levels of performance/uncertainty. For the

purpose of illustration in this paper, subsets are

deemed representative if they are within ±5 % of
the mean for all streams sampled, which we refer to as

the aggregate’s mean herein.

Comparing random versus informed monitoring

scenarios

To inform selection of sampling locations (i.e.,

streams), we used watershed characteristics and spot

temperatures. For threshold monitoring, streams were
drawn in order according to their values that corre-

sponded to warmer streams. For example, longer

streams tend to be warmer; therefore, streams were
selected in descending order of length (longest to

shortest). This was repeated separately for each of the

six stream characteristics.
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To evaluate the performance of monitoring scenar-
ios whereby subsets of streams are chosen in an

attempt to represent the entire group of streams, we

ranked streams in ascending order from most similar
to the aggregate mean (mean of all streams from

continuous temperature loggers) or aggregate variance

(variance of all streams from continuous temperature
loggers) of the entire set of streams, based on a single

stream characteristic.

To illustrate the uncertainty at different levels of
monitoring costs (i.e., cost increases with the number

of streams monitored) and to provide a comparison for

informed scenarios, random monitoring scenarios
were generated by randomly selected subsets of

streams across the range of potential costs (i.e., from

1 to 19 streams). For each sample size, we drew 100
random combinations of our 19 sites and calculated

the performance metrics for each scenario. This

provided a null expectation in the absence of infor-
mation on stream characteristics that could be com-

pared with our informed sampling designs.

We also compared the efficiency (percent events/
number of streams) of each of the informed designs

along with the average of the random design at 4, 8, 12,

16 sites sampled for the threshold monitoring. In
addition, the number of sites required to detect[25,

[50,[75, and[100 % of the temperature threshold

events was compared.

Results

There was a large range in temperatures among

streams during the critical spawning period (Table 1).
Maximum spawning temperatures among streams

ranged from 11.2 to 17.2 "C, and mean spawning

temperatures among streams ranged from 8.5 to
13.7 "C. Streams with higher mean and maximum

temperatures also had higher variance in temperature

during the spawning period.

Watershed characteristics and temperature metrics

The single variable that best explained maximum

temperature was mainstem length (R2 = 0.82, p\
0.01). Maximum stream temperature was positively

correlated with mainstem length, magnitude, order,

spot temperature and negatively correlated with gra-
dient (Fig. 2). Mean stream temperature was best

explained by spot temperature (R2 = 0.71, p\ 0.01;

Fig. 3). Longer streams with higher magnitude and
order also had higher mean temperatures (Fig. 3).

Gradient was negatively related to mean water tem-

perature. The variable that best explained temperature
variance was stream length (R2 = 0.79, p\ 0.01)

(Fig. 4). Streams that were longer, with higher mag-

nitude and larger wetted widths had higher variance in
temperature (Fig. 4). Higher gradient streams had less

variance in temperature. While spot temperature

explained a large proportion of variation in both
maximum and mean temperatures, it had only a weak

relationship with temperature variance (R2 = 0.28,

p\ 0.05).

Informed versus random site allocation

Threshold monitoring

The random sampling design resulted in a linear
increase in the detection of temperatures[15 "C with

the number of streams monitored (Fig. 5). There was

large variation in the percent of total events detected
within sample sizes. For example, a random selection

of 5 streams could detect from 0 to over 55 % of the

total events.
The informed sampling design was more effective

than random at every sample size tested (Fig. 5)

(Tables 2, 3). All of the stream metrics performed
better than the average random design, even when they

had little relationship with temperature (e.g., wetted

width). Thus, sampling streams in descending order of
length, magnitude, order, wetted width, and spot

temperature values result in much more effective

sampling designs than the average random sampling
design. In fact, many of the informed designs achieved

a detection rate of 50 % with half as many samples as

the average random design (e.g., length, gradient, and
spot temperature). Although all informed designs were

better than random, some stream characteristics were
more informative than others. For example, stream

length and spot temperature were consistently in the

top two of metrics across levels of detection (Table 2)
and sample sizes (Table 3).
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Representative monitoring: mean temperature
and variance

Informed scenarios out-performed random sampling
approaches 63 % of the time for achieving a mean

representative monitoring objective. When the num-

ber of streams monitored was five, informed sampling
out-performed random sampling 88 % of the time

(Fig. 6). For sample sizes less than five the only

sampling design that performed poorer than random
was informed by wetted width (Fig. 6). All informed

sampling provided mean temperatures within 5 % of

the aggregate’s mean after sampling only four streams
(Fig. 6). However, at larger sample sizes, the only

metrics that were consistently within 5 % of the

aggregate’s mean were spot temperature and wetted
width.

Informed scenarios for variance were more effec-

tive than random sampling approaches 76 % of the
time. Informed designs out-performed random sam-

pling designs 100 % of the time at sample sizes of five

or less, with the exception of gradient (Fig. 7). While

informed sampling was consistently more effective

than random sampling many metrics failed to produce
variance estimates within 5 % of the aggregate’s

variance (Fig. 7). The exception to this was spot

temperature, which produced estimates within the 5 %
benchmark for 84 % of the sample sizes.

Discussion

Monitoring scenarios that exploit the relationships
between readily available watershed metrics and

stream temperature were up to 3 times more cost-

effective than average random monitoring scenarios.
These informed scenarios were more effective for a

given number of streams in predicting all of the

different management objectives we tested, high
threshold temperatures, mean temperatures, and vari-

ance. Moreover, single variables such as stream

length, spot temperature, and stream order were
sufficient to explain large variation in all three

temperature metrics. The ability to use a minimum
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temperature versus a stream
length, b stream magnitude,
c stream order, d gradient,
e wetted width, and f spot
temperature. Maximum
spawning temperature
between August 7 and 31
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single highest value
recorded in 2010 (2-h
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of explanatory watershed characteristics highlights the
utility of applying this type of framework to different

stream temperature monitoring scenarios with large

number of streams and variable management
objectives.

Many of the watershed characteristics we examined
showed strong relationships with the three temperature

metrics we chose, consistent with previous work on

larger watersheds (Nelitz et al. 2007; Mayer 2012).
For example, stream length was consistently the first-

or second-ranked explanatory variable (with regard to

R2 value; Figs. 2, 3 and 4) and informing site selection
for monitoring (Tables 2, 3). Longer streams were

warmer and more variable in temperatures than

smaller streams (Luce et al. 2014). The result that
longer streams are warmer parallels the findings of

Nelitz et al. (2007), who showed that larger water-

sheds have higher maximum weekly average temper-
ature (MWAT) than smaller watersheds. Other size

metrics such as stream order and magnitude did not

perform as well as stream length, probably because
they are coarser measures of watershed size. Gradient

also influenced temperatures whereby lower gradient
streams are warmer. Mayer et al. (2012) also found

that streams with lower channel slopes were warmer in

the Pacific Northwest of the US. Taken together, these
relationships probably represent how the size and

structure of watersheds influences water residency
time and discharge, which influences temperatures

through exposure to warm air temperatures during

summer months (Poole and Berman 2001; Caissie
2006; Mayer 2012).

Perhaps the most promising surrogate for our

temperature metrics derived from continuous data
was spot temperature, which was strongly correlated

with our maximum and mean temperature metrics and

overall was the most informative variable in selecting
monitoring sites. Moore (2006) also found spot

temperature to be a good surrogate of water temper-

ature across a large geographic region. Furthermore,
his study only included watersheds with drainages

[100 km2, whereas the watersheds in this study are

typically smaller than that, suggesting that spot
temperature could be used across a wide range of
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Fig. 3 Mean spawning
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watershed size (i.e., 10–100,000 km2). A major ben-

efit of using spot temperature as a surrogate is that it
does not rely on deriving watershed–temperature

relationships that may be region-specific. In addition,

it is collected extensively across British Columbia by a
number of monitoring agencies (Moore 2006), includ-

ing salmon spawning surveys for stock assessment

(Schubert and Fanos 1997). Therefore, the low cost of
spot measurements (i.e., being available from other

data sources), extensive coverage, and the generality

of its relationship with other temperature metrics
makes this a powerful metric for informing cost-

effective temperature monitoring.

Determining which watershed metrics to use and
how many streams to monitor can be difficult. Spot

temperature (a field based metric) often outperformed

online sourced watershed metrics but may require
expensive ‘‘on the ground’’ monitoring if not part of

another program unlike online sourced data (stream

length, order, magnitude). This trade-off highlights the
difficulty in determining which is the ‘‘best’’

watershed metrics to measure. One way to decide

how many streams or what metrics to monitor is based
on budgetary constraints. For example, if a budget for

monitoring high-temperature streams could only

afford to place temperature loggers in four streams,
using Table 3, one would use either stream length or

magnitude to select the most effective set of streams.

These watershed metrics could be easily extracted
from existing maps and provide a slight performance

advantage over spot temperature. Furthermore, in our

study, the four streams selected using these watershed
metrics detected 50 % of all the temperature events.

Following this approach will maximize the effective-

ness of monitoring programs for a set cost. However,
this approach may lead to an undesirable level of

effectiveness. An alternative approach would be to

determine the confidence required for making sound
management decisions and then determine the lowest

cost scenario to achieve this objective. For example, if

one determines that a monitoring program should
detect a minimum of 75 % high-temperature events,
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according to Table 2 one would use length or spot
temperature to select streams for monitoring. Given

that length is a less expensive watershed metric to

measure one would use length over spot temperature.
In our study, using either metric would require only six

streams to be monitored which is on average 150 %

less monitoring effort to achieve the 75 % detection of
high-temperature events than if streams were ran-

domly selected. Regardless of whether outcome is

primarily driven by cost or uncertainty, the framework
described herein can accommodate these trade-offs.

Each of our 19 streams flows directly into a single

lake–river network independently of each other. This
simple network is similar to coastal streams that drain

directly into the ocean but differ from more complex
stream networks that are spatially correlated due to

convergence downstream (Peterson et al. 2013; Som

et al. 2014). Therefore, temperature for a downstream
site is a function of upstream tributaries in addition to

watershed characteristics. This directional autocorre-

lation could be useful for informing the selection of
cost-effective sites because downstream sites integrate

upstream temperatures. Som et al. (2014) provide

suggestions for the most effective sampling designs
for monitoring stream networks. This framework

could be easily modified to integrate the autocorrela-

tion between connected sites and which may provide
additional cost savings due to higher correlations
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between streams within a network compared to non-
linked streams; this topic should be investigated

further.

Implementation

The general application of this framework depends
largely on the relationships between watershed char-

acteristics and temperature that we estimated for one

basin, over 1 year, and for a limited time period
(within one August). These relationships may be

regionally (Ward 1985) or temporally specific. There

is also inter-annual and seasonal variation in these

relationships that our study did not capture (Hrachow-
itz et al. 2010). However, if the patterns we have

shown are general then this could lead to substantial

cost savings by using existing or online data sources,
which would eliminate costly field work. We show

that even weak relationships between watershed

characteristics and temperature improve the cost and
effectiveness of monitoring scenarios. In the absence

of regional relationships between watershed charac-

teristics and temperature, we propose testing whether
expert knowledge and qualitative assessments to see if

they are sufficient to inform sampling designs.

Access to field sites will be an important cost
consideration when implementing this framework. For

example, this study was conducted in a remote area of

British Columbian and many sites could only be
accessed by boat, while the others were accessed by

truck. Monitoring boat-accessed sites cost substan-

tially more than monitoring truck-accessed sites and
were also logistically more challenging because of the

additional skills, safety and weather requirements

associated with operating a boat. We estimate that the
average cost of deploying a temperature logger by boat

is double the cost of deploying a logger by truck. This
is an important consideration that could accompany

our framework, especially given the high costs of field

sampling in remote areas (e.g., cost for field work for
this study was over $10,000 CND).

While our framework can inform site selection, it

does not provide managers with guidelines as to
acceptable levels of uncertainty around the metrics

Table 2 The number of streams that would need to be monitored to detect various percentages of sampling events for informed
sampling designs based on watershed characteristics

25 (%) 50 (%) 75 (%) 100 (%) R2 with max temp

Percentage of events detected

Length 3 (2) 5 (1) 6 (1) 11 (2) 0.82

Magnitude 3 (2) 6 (2) 10 (3) 13 (4) 0.49

Order 3 (2) 8 (3) 10 (3) 18 (6) 0.58

Gradient 2 (1) 5 (1) 8 (2) 12 (3) 0.55

Wetted width 3 (2) 10 (4) 12 (4) 15 (5) 0.11

Spot temperature 2 (1) 5 (1) 6 (1) 10 (1) 0.57

Random 6 (3) 10 (4) 15 (5) 19 (7) –

For example, if streams are chosen for monitoring from the longest to the shortest, then 5 streams would be capable of detecting 50 %
of the stream days where the 19 streams exceeded 15 "C over the 25-day sampling. The average random sampling design is also
shown. Ranks for values in each sample size are in parentheses, and top values are in bold

Table 3 The percentage of sampling events detected for a
given number of streams monitored for informed sampling
designs based on watershed characteristics

Variable 4 8 12 16

Number of streams monitored

Length 50 (1) 97 (1) 100 (1) 100 (1)

Magnitude 50 (1) 68 (4) 92 (2) 100 (1)

Order 34 (4) 53 (5) 92 (2) 92 (2)

Gradient 42 (3) 76 (3) 100 (1) 100 (1)

Wetted width 26 (5) 45 (6) 79 (3) 100 (1)

Spot temperature 47 (2) 82 (2) 100 (1) 100 (1)

Random 19 (6) 40 (7) 61 (4) 83 (3)

For example, if streams are chosen for monitoring from the
longest to the shortest, then monitoring 4, 8, 12, and 16 streams
would be capable of detecting 50, 97, 100, and 100 % of the
stream days where the 19 streams exceeded 15 "C over the
25-day sampling. The average random sampling design is also
shown. Ranks for values in each sample size are in parentheses,
and top values are in bold
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beingmonitored. In Figs. 6 and 7, we arbitrarily set the
acceptable level of uncertainty to\±5 % of the mean

and variance. This choice can dramatically change the

level of monitoring effort. With the uncertainty set at
\±5 % and using a random subset of sites, 16 sites

would need to be monitored to obtain this level of

uncertainty for variance. Increasing the level of
uncertainty to ±15 % would reduce the number of

sites from 16 to 9. An alternative approach would be to

let the budget drive the number of sites and therefore
the level of uncertainty. The motivation behind the

decision about acceptable levels of uncertainty is an

important consideration that should be tackled prior to

monitoring and can be easily assessed using our
framework.

Application of this protocol should consider all

sources of potential uncertainty and how it may
influence site selection and management outcomes.

Uncertainty may be caused by temperature logger

measurement error, the measurement of the watershed
characteristics, and uncertainty in relationships

between watershed characteristics and stream temper-

atures we have estimated. The measurement error
associated with some watershed metrics, such as

stream length, order, and magnitude, will have little-

to-no measurement error. Field measured watershed
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Fig. 6 Plot of the centered mean temperatures for random
subsets of streams sampled (gray) and sampling designs based
on stream characteristics (color). Data were centered by
subtracting the aggregate’s mean (i.e., 10.7 "C) and taking the
absolute value. Individual random sampling iterations are in
gray, and the average random sampling design is shown in
black. The range in gray points for a given sample size
represents the uncertainty in detecting the mean temperature

using a random design. The mean temperature is calculated
using all temperature values in a given subset. The light dashed
line represents±5 % of the aggregate mean temperature.Colors
represent informed sampling designs based on stream charac-
teristics (purple = length, light blue = magnitude, blue =
order, orange = spot temperature, green = wetted width,
red = gradient, black = average of random). (Color figure
online)
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metrics such as gradient and wetted width will have
measurement error that could influence the outcome of

the protocol. Temperature loggers have relatively low

measurement error, for example ±0.5 "C for the
loggers used in this study and can be as low as

±0.01 "C for more expensive temperature loggers. In

contrast, spot temperatures are highly dependent on
the time of day and potentially the location they are

taken. One way to limit variance in spot temperature

measurements due to sampling time would be to limit
the time of day when the sample can be taken to a few

hours around the peak temperature or sample at a
consistent time of day. Inter-annual variation in the

relationship between surrogates and stream

temperature will also lead to additional variance.
Although the slope and intercept of these relationships

will vary from year-to-year, the important variance to

consider for our protocol is how the order of sites
varies when ordered by watershed variables.

Future work on this framework should include

evaluating its application in different regions that
exhibit different characteristics such as coastal

streams that differ in their climate, ecology, geo-

morphology and hydrology. Regions that have
substantial groundwater inputs should also be

investigated and our framework could potentially
be merged with groundwater classification protocols

(Allen et al. 2010). In addition, this framework
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Fig. 7 Plot of the centered temperature variance for random
subsets of streams sampled (black and gray) and sampling
designs based on stream characteristics (color). Data were
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could be further developed to include network
autocorrelation associated with more complex

stream networks.

In conclusion, our framework uses readily available
watershed metrics to develop cost-effective stream

temperature monitoring programs. Monitoring sce-

narios informed by surrogates of temperature were
much more cost effective than alternative scenarios

based on no information (i.e., random site selection) in

describing high-temperature streams, mean water
temperatures, and variance. This approach can aid

managers in optimizing the limited resources to best

match their temperature monitoring purposes.

Acknowledgments We thank our major funders, Aquatic
Climate Change Adaptation Services Program, Environmental
Watch Program (Fisheries and Oceans Canada), the Fraser
Watershed Program administered by the Pacific Foundation, as
well as the Natural Sciences and Engineering Research Council
of Canada, the Watershed Watch Salmon Society, the Climate
Change Impacts Research Consortium, and the Northern
Scientific Training Program for financial support. We also
appreciate support for the Tom Buell endowment fund from
private donors, the Pacific Salmon Foundation, Southern
Endowment Fund, and the British Columbia Leading Edge
Endowment Fund. We thank Tereza Zagar for measuring
watershed metrics from online sources.We appreciate help from
DFO staff, including Herb Herunter, Erland MacIsaac, Tracy
Cone, Keri Benner, Dennis Klassen, Garry Zwack. We
appreciate field support from Jan Verspoor and Rudi Verspoor
andMichael Beakes. We also thank EduardoMartins for helpful
comments on this study.

References

Allen DM, Whitfield PH, Werner A (2010) Groundwater level
responses in temperate mountainous terrain: regime clas-
sification, and linkages to climate and streamflow. Hydrol
Process 24:3392–3412. doi:10.1002/hyp.7757

Becker CD, Genoway RG (1979) Evaluation of the critical
thermal maximum for determining thermal tolerance of
freshwater fish. Environ Biol Fish 4:245–256. doi:10.1007/
BF00005481

Beer NW, Anderson JJ (2013) Sensitivity of salmonid fresh-
water life history in western US streams to future climate
conditions. Glob Change Biol 19:2547–2556. doi:10.1111/
gcb.12242

Bradford MJ, Lovy J, Patterson DA (2010) Infection of gill and
kidney of fraser river sockeye salmon, Oncorhynchus
nerka (Walbaum), by Parvicapsula minibicornis and its
effect on host physiology. J Fish Dis 33:769–779. doi:10.
1111/j.1365-2761.2010.01178.x

Braun DC, Reynolds JD (2011) Relationships between habitat
characteristics and breeding population densities in sock-
eye salmon. Can J Fish Aquat Sci 68:1–10

Braun DC, Reynolds JD (2012) Cost-effective variable selection
in habitat surveys. Methods Ecol Evol 3:388–396. doi:10.
1111/j.2041-210X.2011.00154.x

Braun DC, Patterson DA, Reynolds JD (2013) Maternal and
environmental influences on egg size and juvenile life-
history traits in Pacific salmon. Ecol Evol 3:1727–1740.
doi:10.1002/ece3.555

Breau C, Caissie D (2013) Adaptive management strategies to
protect Atlantic salmon (Salmo salar) under environmen-
tally stressful conditions. DFO Canadian Science Advisory
Secretariat Document 2012/164. ii?14p

Bridge JS (2003) Rivers and floodplains: forms, processes, and
sedimentary record. Blackwell, Malden, pp 491

Caissie D (2006) The thermal regime of rivers: a review. Freshw
Biol 51:1389–1406. doi:10.1111/j.1365-2427.2006.01597.x

Canada FAO (2005) Canada’s policy for conservation of Wild
Pacific salmon 1–49

Clarke A, Johnston NM (1999) Scaling of metabolic rate with
body mass and temperature in teleost fish. J Anim Ecol
68:893–905. doi:10.1046/j.1365-2656.1999.00337.x

Crozier LG, Zabel RW, Hamlet AF (2008) Predicting differ-
ential effects of climate change at the population level with
life-cycle models of spring Chinook salmon. Glob Change
Biol 14:236–249

Eaton JG, Scheller RM (1996) Effects of climate warming on
fish thermal habitat in streams of the United States. Limnol
Oceanogr 41:1109–1115

Elliott JM (1991) Tolerance and resistance to thermal stress in
juvenileAtlantic salmon,Salmo salar. FreshwBiol 25:61–70

Fleming IA, Gross MR (1990) Latitudinal clines: a trade-off
between egg number and size in Pacific salmon. Ecology
71:1–11

Good TP, Beechie TJ, McElhany P et al (2007) Recovery
planning for endangered species act-listed Pacific salmon:
using science to inform goals and strategies. Fisheries
32:426–440. doi:10.1577/1548-8446(2007)32[426:RPFE
SL]2.0.CO;2

Hague MJ, Ferrari MR, Miller JR et al (2011) Modelling the
future hydroclimatology of the lower Fraser River and its
impacts on the spawning migration survival of sockeye
salmon. Glob Change Biol 17:87–98. doi:10.1111/j.1365-
2486.2010.02225.x

Hague MJ, Patterson DA (2014) Evaluation of statistical river
temperature forecast models for fisheries management.
N Am J Fish Manag 34:132–146. doi:10.1080/02755947.
2013.847879

Hrachowitz M, Soulsby C, Imholt C et al (2010) Thermal
regimes in a large upland salmon river: a simple model to
identify the influence of landscape controls and climate
change on maximum temperatures. Hydrol Process
24:3374–3391. doi:10.1002/hyp.7756

Isaak DJ, Wollrab S, Horan D, Chandler G (2011) Climate
change effects on stream and river temperatures across the
northwest US from 1980–2009 and implications for sal-
monid fishes. Clim Change 113:499–524. doi:10.1007/
s10584-011-0326-z

Kovach RP, Gharrett AJ, Tallmon DA (2012) Genetic change
for earlier migration timing in a pink salmon population.
Proc R Soc B Biol Sci 279:3870–3878. doi:10.1098/rspb.
2012.1158

Aquat Ecol

123

http://dx.doi.org/10.1002/hyp.7757
http://dx.doi.org/10.1007/BF00005481
http://dx.doi.org/10.1007/BF00005481
http://dx.doi.org/10.1111/gcb.12242
http://dx.doi.org/10.1111/gcb.12242
http://dx.doi.org/10.1111/j.1365-2761.2010.01178.x
http://dx.doi.org/10.1111/j.1365-2761.2010.01178.x
http://dx.doi.org/10.1111/j.2041-210X.2011.00154.x
http://dx.doi.org/10.1111/j.2041-210X.2011.00154.x
http://dx.doi.org/10.1002/ece3.555
http://dx.doi.org/10.1111/j.1365-2427.2006.01597.x
http://dx.doi.org/10.1046/j.1365-2656.1999.00337.x
http://dx.doi.org/10.1577/1548-8446(2007)32%5B426:RPFESL%5D2.0.CO;2
http://dx.doi.org/10.1577/1548-8446(2007)32%5B426:RPFESL%5D2.0.CO;2
http://dx.doi.org/10.1111/j.1365-2486.2010.02225.x
http://dx.doi.org/10.1111/j.1365-2486.2010.02225.x
http://dx.doi.org/10.1080/02755947.2013.847879
http://dx.doi.org/10.1080/02755947.2013.847879
http://dx.doi.org/10.1002/hyp.7756
http://dx.doi.org/10.1007/s10584-011-0326-z
http://dx.doi.org/10.1007/s10584-011-0326-z
http://dx.doi.org/10.1098/rspb.2012.1158
http://dx.doi.org/10.1098/rspb.2012.1158


Lee CG, Farrell AP, Lotto A et al (2003) The effect of tem-
perature on swimming performance and oxygen con-
sumption in adult sockeye (Oncorhynchus nerka) and coho
(O. kisutch) salmon stocks. J Exp Biol 206:3239–3251.
doi:10.1242/jeb.00547

Lisi PJ, Schindler DE, Bentley KT, Pess GR (2013) Association
between geomorphic attributes of watersheds, water tem-
perature, and salmon spawn timing in Alaskan streams.
Geomorphology 185:78–86. doi:10.1016/j.geomorph.
2012.12.013

Luce C, Staab B, Kramer M et al (2014) Sensitivity of summer
stream temperatures to climate variability in the Pacific
Northwest. Water Resour Res 50:3428–3443. doi:10.1002/
2013WR014329

Macdonald JS, Patterson DA, Hague MJ, Guthrie IC (2010)
Modeling the influence of environmental factors on
spawning migration mortality for sockeye salmon fisheries
management in the Fraser river, British Columbia. Trans
Am Fish Soc 139:768–782. doi:10.1577/T08-223.1

Magnuson JJ (1991) Fish and fisheries ecology. Ecol Appl
1:13–26

Martins EG, Hinch SG, Patterson DA et al (2011) Effects of
river temperature and climate warming on stock-specific
survival of adult migrating Fraser River sockeye salmon
(Oncorhynchus nerka). Glob Change Biol 17:99–114.
doi:10.1111/j.1365-2486.2010.02241.x

Martins EG, Hinch SG, Cooke SJ, Patterson DA (2012) Climate
effects on growth, phenology, and survival of sockeye
salmon (Oncorhynchus nerka): a synthesis of the current
state of knowledge and future research directions. Rev Fish
Biol Fish 22:887–914. doi:10.1007/s11160-012-9271-9

Mayer TD (2012) Controls of summer stream temperature in the
Pacific Northwest. J Hydrol 475:323–335. doi:10.1016/j.
jhydrol.2012.10.012

Mcmahon TE, Zale AV, Barrows FT et al (2007) Temperature
and competition between bull trout and brook trout: a test
of the elevation refuge hypothesis. Trans Am Fish Soc
136:1313–1326. doi:10.1577/T06-217.1

Moore RD (2006) Stream temperature patterns in British
Columbia, Canada, based on routine spot measurements.
Can Water Resour J 31:41–56

Moore JW, Beakes MP, Nesbitt HK et al (2015) Emergent
stability in a large, free-flowing watershed. Ecology
96:340–347

Morrison J, Quick MCFM (2002) Climate change in the fraser
river watershed: flow and termperature projections. J Hy-
drol 263:230–244

Nelitz MA, MacIsaac EA, Peterman RM (2007) A science-
based approach for identifying temperature-sensitive
streams for rainbow trout. North Am J Fish Manag
27:405–424. doi:10.1577/M05-146.1

Peterson EE, Ver Hoef JM, Isaak DJ et al (2013) Modelling
dendritic ecological networks in space: an integrated

network perspective. Ecol Lett 16:707–719. doi:10.1111/
ele.12084

Platts WS (1979) Relationships among stream order, fish popu-
lations, and aquatic geomorphology in an Idaho river drai-
nage. Fisheries 4:5–9. doi:10.1577/1548-8446(1979)004
\0005:RASOFP[2.0.CO;2

Poole GC, Berman CH (2001) An ecological perspective on in-
stream temperature: natural heat dynamics and mecha-
nisms of human-caused thermal degradation. Environ
Manage 27:787–802. doi:10.1007/s002670010188

Reed TET, Schindler DED, Hague MJM et al (2011) Time to
evolve? Potential evolutionary responses of Fraser River
sockeye salmon to climate change and effects on persis-
tence. PLoS One 6:e20380. doi:10.1371/journal.pone.
0020380

Reynoldson TB, Logan C, Pascoe T, Thompson SP (2006)
Invertebrate biomonitoring field and laboratory manual for
running water habitats. Environment Canada, National
Waters Research Institute, Canadian Aquatic Biomonitor-
ing Network

Richter A, Kolmes SA (2005) Maximum temperature limits for
Chinook, coho, and chum salmon, and steelhead trout in
the Pacific Northwest. Rev Fish Sci 13:23–49. doi:10.1080/
10641260590885861

Schubert ND, Fanos BP (1997) Estimation of the 1994 late run
sockeye salmon (Oncorhynchus nerka) escapement to the
Stuart River System. CanManusc Rep Fish Aquat Sci 1–66

Selong JH, McMahon TE, Zale AV, Barrows FT (2001) Effect of
temperature on growth and survival of bull trout, with appli-
cation of an improved method for determining thermal toler-
ance in fishes. Trans Am Fish Soc 130:1026–1037. doi:10.
1577/1548-8659(2001)130\1026:EOTOGA[2.0.CO;2

Som NA, Monestiez P, Ver Hoef JM et al (2014) Spatial sam-
pling on streams: principles for inference on aquatic net-
works. Environmetrics 25:306–323. doi:10.1002/env.2284

Stalberg HC, Lauzier RB, MacIsaac EA et al (2009) Canada’s
policy for conservation of wild Pacific salmon: stream, lake
and estuarine habitat indicators. Can Manuscr Rep Fish
Aquat Sci 2859:xiii–135

Strahler AN (1957) Quantitative analysis of watershed geo-
morphology. Eos Trans Am Geophys Union 38:913–920

Ward JV (1985) Thermal characteristics of running waters.
Hydrobiologia 125:31–46

Ward JV, Stanford JA (1982) Thermal responses in the evolu-
tionary ecology of aquatic insects. Annu Rev Entomol
27:97–117. doi:10.1146/annurev.en.27.010182.000525

Whitfield PH (2012) Why the provenance of data matters:
assessing ‘‘fitness for purpose’’ for environmental data.
Can Water Resour J 37:23–36. doi:10.4296/cwrj3701866

Whitney CK, Hinch SG, Patterson DA (2013) Provenance
matters: thermal reaction norms for embryo survival
among sockeye salmon Oncorhynchus nerka populations.
J Fish Biol 82:1159–1176. doi:10.1111/jfb.12055

Aquat Ecol

123

http://dx.doi.org/10.1242/jeb.00547
http://dx.doi.org/10.1016/j.geomorph.2012.12.013
http://dx.doi.org/10.1016/j.geomorph.2012.12.013
http://dx.doi.org/10.1002/2013WR014329
http://dx.doi.org/10.1002/2013WR014329
http://dx.doi.org/10.1577/T08-223.1
http://dx.doi.org/10.1111/j.1365-2486.2010.02241.x
http://dx.doi.org/10.1007/s11160-012-9271-9
http://dx.doi.org/10.1016/j.jhydrol.2012.10.012
http://dx.doi.org/10.1016/j.jhydrol.2012.10.012
http://dx.doi.org/10.1577/T06-217.1
http://dx.doi.org/10.1577/M05-146.1
http://dx.doi.org/10.1111/ele.12084
http://dx.doi.org/10.1111/ele.12084
http://dx.doi.org/10.1577/1548-8446(1979)0040005:RASOFP2.0.CO;2
http://dx.doi.org/10.1577/1548-8446(1979)0040005:RASOFP2.0.CO;2
http://dx.doi.org/10.1007/s002670010188
http://dx.doi.org/10.1371/journal.pone.0020380
http://dx.doi.org/10.1371/journal.pone.0020380
http://dx.doi.org/10.1080/10641260590885861
http://dx.doi.org/10.1080/10641260590885861
http://dx.doi.org/10.1577/1548-8659(2001)130%3c1026:EOTOGA%3e2.0.CO;2
http://dx.doi.org/10.1577/1548-8659(2001)130%3c1026:EOTOGA%3e2.0.CO;2
http://dx.doi.org/10.1002/env.2284
http://dx.doi.org/10.1146/annurev.en.27.010182.000525
http://dx.doi.org/10.4296/cwrj3701866
http://dx.doi.org/10.1111/jfb.12055

	Using watershed characteristics to inform cost-effective stream temperature monitoring
	Abstract
	Introduction
	Materials and methods
	Study system
	Exploratory analyses
	Watershed characteristics
	Stream temperature

	Monitoring objectives and approaches
	Objective 1---threshold monitoring
	Objective 2---representative monitoring
	Comparing random versus informed monitoring scenarios


	Results
	Watershed characteristics and temperature metrics
	Informed versus random site allocation
	Threshold monitoring
	Representative monitoring: mean temperature and variance


	Discussion
	Implementation

	Acknowledgments
	References


