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Abstract Characterizing high quality habitat for juveniles is a major problem in

salmon biology. Most e!orts to do so rely on a correlational model between juvenile

densities and habitat features. However, this interpretation of the data may be ille-

gitimate if summertime distributions of juveniles are strongly dependent on the initial

spawning distributions. We evaluate this hypothesis with a simulation model. We sim-

ulate spawning sites and juvenile movements in univariate space. Juvenile movement

is modeled with a univariate random walk model. We use a clustering algorithm to

determine whether or not juveniles locations are reflective of spawning distributions.

We find that under most realistic assumptions, juvenile densities are independent of

spawning site locations. We conclude that juvenile-habitat studies do not generally

need to include spawning data. The primary exception occurs when spawning sites are

very sparsely distributed—averaging greater than 20km between sites. We interpret

this result as a rough measure of the spatial scale of mixing in a system, e.g. juveniles

from spawning sites more than 20km apart are unlikely to utilize the same summer

rearing grounds.

Keywords juvenile salmon · Oncorhynchus · random walk · clustering · simulation ·

habitat selection

Introduction

Understanding habitat selection of animals is a classical problem in ecology (Grinnell

1917; MacArthur and Pianka 1966). It is common to measure habitat selection by

estimating the correlation between animal densities and habitat features (Morrison

et al 2006). We might then assume that habitat selection reflects adaptive choices

by animals, and thus habitat quality. However, this approach has been criticized as
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too simplistic because it may neglect important context within which habitat selection

occurs (Jones 2001; Garshelis 2000). Contemporary studies of habitat selection attempt

to place habitat choices within the context of all choices that are available (Misenhelter

and Rotenberry 2000).

Characterizing the habitat requirements of juvenile salmon is a major problem in

salmon biology and comes with significant management implications (Quinn 2005).

Like many freshwater fishes, Pacific salmon face an uncertain future throughout their

range (Ruckelshaus et al 2002). Habitat is a major limiting factor for several ESA listed

populations (Beechie et al 2003). It is known that habitat features influence survival of

the freshwater stage for salmon (Lonzarich and Quinn 1995; Rosenfeld et al 2000), and

it is known that survival of the freshwater stage accounts for half of the demographic

variation of these populations (Kareiva et al 2000). Additionally, there are numerous

opportunities for human mitigation of habitat impacts, including changes to hydro flow

policies, habitat restoration programs, and land use policies (Bartz et al 2006).

There are several large scale monitoring programs tasked with counting juvenile

salmon and measuring habitat features (Larsen et al 2004). The goal of all of these

problems is to characterize high quality habitat for salmon and to use this as the foun-

dation of a restoration program that will increase salmon survival during the freshwater

stage.

In order to infer habitat quality from data for juvenile density and habitat features,

we must consider the full suite of factors that influence juvenile locations (Garshelis

2000). In particular, the spawning distribution is a factor that is not often considered

in the study of juvenile habitat selection. The habitat choices of juveniles are con-

strained by the habitat choices of their parent’s when selecting spawning sites. Adult

salmon spawn their eggs in freshwater gravel nests called redds. Months later, juvenile
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salmon emerge from the gravel and begin a freshwater rearing stage during which they

generally move away from the spawning sites (Quinn 2005). Juvenile surveys are usu-

ally conducted 60–150 days after juveniles emerge from the gravel (Burnett 2001). Our

question is, does the constraint of the initial spawning distribution prevent summertime

juvenile densities from reflecting habitat quality?

In general, we would like to characterize how and when the distribution of juveniles

depends on the distribution of spawning sites. But more pressingly, we need to know

if juvenile densities measured by existing surveys, conducted in the summer time,

are independent of spawning distributions. If juvenile distributions depend strongly

on spawning distributions, then habitat monitoring programs must be expanded to

include spawning information. This is possible, but would be di"cult and costly.

There are several obstacles to linking juvenile distributions with spawning distri-

butions. Existing spawning data is not comprehensive and is generally spatially mis-

matched with existing juvenile habitat data. There are no good methods for tagging

juveniles at the spawning grounds. There is no general method, theoretical or em-

pirical, to associate juvenile rearing sites to spawning sites. Given the challenges of

addressing this problem empirically, we determined that this problem is well-suited to

investigation by simulation (Peck 2004; Grimm et al 2005).

We developed a simulation model of juvenile movement within a stream. We make

several significant simplifying assumptions to obtain a model that is both tractable

and appropriately general. We simulated redd sites as randomly distributed points in

univariate space. Juvenile movement away from redds is modeled as a random walk with

normally distributed increments, also in univariate space. We measure the juvenile-

spawning association by using clustering techniques to compare the current distribution

of juveniles to their spawning origin. We vary the movement rates and other input



5

parameters within realistic ranges. For each parameter set, we calculate how many days

it takes for juvenile distributions to become decoupled from spawning distributions—

i.e. how long it takes for juveniles to become “mixed.” We then compare these mixing

times to the dates for juvenile surveys.

A priori, we imagined at least two outcomes to this exercise that would be informa-

tive. First, we could find that juveniles mix very quickly under any realistic assumptions

about their movement. In this case we would be able to proceed with our correlation

analysis using juvenile surveys and ignoring the spawning grounds. Second, we may find

that it is inappropriate to ignore the influence of spawning distributions. In this case

we would proceed with tackling the challenging problem of empirically characterizing

the relationship between juvenile distributions and spawning distributions.

Methods

In Figure 1, we show an illustration of the definitions of our terminology. Redd sites are

located within spawning sites. Spawning groups are groups of juveniles who originate in

the same spawning site. Clusters are estimated based on juvenile locations and without

knowledge of spawning groups. When the clusters correspond closely to the spawning

groups, we take this as evidence that the juvenile distribution is strongly dependent

on the spawning distribution.

In Figure 2, we illustrate the structure of the simulation. The simulation has three

major pieces. In Part 1, we simulate the locations of redds along a line. Salmon redds

can be distributed even or patchy. Our simulation produces varying degrees of patch-

iness. In Part 2, we simulate the trajectories of individual fish using a random walk

model. Movement has a component that is random and non-direct, and a component
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that is directed. And in Part 3, we use a cluster test to measure how well mixed the

juvenile spawning groups are at each time step. Later, in the application section, we

will show a hybridized empirical-simulation model. There, we replace the simulated

data from Part 1 with empirical spawning data and then proceed with Parts 2–3.

Here, we explain the equations that were used in each piece of the simulation. The key

parameters are summarized in Table 1.

Part 1: Simulating Spawning Data

Simulating the spawning data is a three step process. First, we generate the locations

of the spawning sites. The distance between sites is modeled as an exponential process:

!xsite ! Exp(") (1)

where " is the rate of sites per kilometer. The exponential distribution arises naturally

as the wait time between single events of a poisson process. It is commonly used to

model things that occur with constant probability per unit length or time (Bolker

2008). We take n draws from the exponential distribution, where n is the number

of sites. These exponential draws are the distances between sites, so to calculate the

location of sites along a line (xsite), we take a cumulative sum of !xsite.

Next, we generate the number of redds within each site. This is modeled as a

poisson process with rate #:

redds ! Pois(#) (2)

The Poisson distribution is often used to model the occurrence of discrete events or

counts (Bolker 2008).

Finally, we generate the location of each redd within a site,

xredd ! Normal
!
xsite, $

2" (3)
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where the spatial distribution of redds is modeled with a normal distribution centered

on the spawning site locations and with variance $2. The normal distribution produces

redds that are centrally located around the center of the spawning site.

Part 2: Simulating Juvenile Trajectories

In the simulation, the juveniles move according to a generalized random walk model

described by the stochastic di!erential equation,

dX = b(x, t)dt +
#

a(x, t)dW (4)

where x is univariate space and t is time (Mangel 2006). Here, a(x, t) is the process

variance, b(x, t) is the process drift and dW is a standard brownian increment such

that:

dW ! Norm(0, 1) (5)

The term dX is a random variable whose distribution is defined by the right hand

side of Equation 4. Each draw from this distribution represents a single “jump” in the

random walk. In our case, it is the distance traveled by a juvenile salmon in a single

day. We use these jumps in succession to create the 365 day trajectory of a single fish.

For each run of the simulation, we produce a matrix X with dimension tmax"imax.

Here, tmax is the number of days in the simulation, it is set to 365, and, imax is the

number of fish included in a single run of the simulation. The ith column of X represents

a single, year-long trajectory for a juvenile fish, such as those shown in Figure 2.

We model the variance and drift terms to represent general juvenile salmon move-

ment behaviors. The variance of the process increases with time as individuals grow

larger and can swim further, maintaining a larger home range (Figure 3(a)):

a(x, t) = %L!
!
1# e"!t" (6)
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If % were equal to one, this would be the von Bertalan!y growth function where L!

is the asymptotic size, & is the growth rate and t0 = 0. We tune the variance with a

scaling parameter %. To improve interpretability, we rescale % for the results tables and

figures, the details are given in Section A.2. We can interpret the rescaled parameter,

%̃, as the standard deviation of jumps made by a fish of 100mm body length. This size

represents a large juvenile near the end of their rearing period.

We model drift as decaying exponentially with stream distance (Figure 3(b)):

b(x, t) = 'e"cx (7)

where c is a positive constant and a measure of the sensitivity of drift to stream distance

and ' is a scaling constant (note that 0 $ e"cx $ 1). The scaling parameter ' should

be interpreted as characterizing movements that are goal-directed. Drift will have its

impact primarily when the goal-directed movement dominates the total movement.

The drift term of the movement model describes movement made in a common

direction, such as in a downstream migration event. We have modeled the drift as

a tendency for juveniles to be pulled upstream. Mechanistically, this is analogous to

the tendency of some populations to migrate upstream into the cooler headwaters

as the summer heat warms up the primary streams. Juveniles that are already in

the headwaters show little tendency to move, while juveniles far downstream are the

most motivated to move. The “cool headwaters” mechanism is helpful for building

intuition, but this drift model can also be interpreted more generally as any goal

directed movement.

There is potential for confusion about the term “drift” because we are applying

this random walk model to a problem in stream ecology, where there is an alternate

definition for the term. In streams, organisms often drift because they are moving with
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the water flow. Here, we are using the traditional random walk usage of the term, which

is more general. It includes any form of directed movement, whether it is caused by

unidirectional stream flow, behavioral choices of the fish, etc.

The calculations of the trajectories are done numerically using an R package named

sde (Iacus 2008, 2009; R Development Core Team 2009).

Part 3: Calculating Mixing Time

Estimate Clusters: For each time step, we estimate clusters based on the simulated

juvenile locations, i.e. row t of X. We do this using a k-means clustering algorithm

named CLARA, from the cluster package in R (Maechler et al 2005; R Development

Core Team 2009). For each time step, CLARA takes as input a vector of juvenile

locations and the number of clusters to be estimated (m). To determine the optimal

value of m, we use a metric called the silhouette (Rousseeuw 1987), also calculated

by the CLARA function. The silhouette measures how well each point belongs to its

cluster based on a comparison of intra-cluster versus inter-cluster variability. Then,

CLARA determines where to place the centers of the clusters and assigns each juvenile

to a cluster. This is done so to minimize the sum of the dissimilarities between each

observation and its nearest cluster medoid (Kaufman and Rousseeuw 1990).

Test Clusters Against Spawning Groups: The clusters summarize where juveniles are

located. The goal here is to determine whether or not the spawning groups and juvenile

clusters (Figure 1) correspond well. To do this, we calculate something called a consen-

sus index (Legendre and Legendre 1998) which gives a measure of the similarity of two

classification schemes. A task like this is often done by calculating a Mantel test on

the cophenetic matrix (Lapointe and Legendre 1995), but this method is unavailable
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to us because we allow the number of juvenile clusters to vary across time. Instead,

we developed a novel consensus index modeled on existing indices. We felt comfortable

with this because, while there are dozens of methods for calculating a consensus in-

dex, comparative work determined that all reasonable methods produce similar results

(Lapointe and Legendre 1994).

The consensus index is a measure of the correspondence between two grouping

schemes. In the case of perfect correspondence, there is one to one correspondence

between spawning group membership and cluster membership. In this perfect case, our

only task is to determine which cluster corresponds to which spawning group. In the

fully mixed case, each cluster contains nearly equal portions of fish from each spawning

group. At most time steps in our simulation the mixture is somewhere between these

extremes. Typically, the spawning groups are spread out across several clusters and

some clusters are dominated by a mixture of only a few spawning groups.

The first task is to map the spawning groups to clusters. For each group, we identify

the smallest subset of clusters that include at least 95% of the members of the group.

The next task is to learn how completely the spawning group explains that cluster

set. We calculate the total proportion of fish in the cluster subset that comes from

our group. This percentage is called the group score. The cluster test statistic is the

average group score.

The cluster test statistic has a maximum of one (perfect correspondence of groups

and clusters) and a minimum of 1/n (even distribution of groups among clusters). We

define the time of full mixing ((̂) to be when the cluster test statistic falls below 0.5. We

experimented with more complex methods of defining time of mixing, but found that

the simplicity of a threshold test outweighed the benefits of more complete descriptions

of mixing. We use replication to smooth noise introduced by the threshold test.
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Mixing times calculated from simulated spawning data

In Figure 4, we show boxplots of simulated (̂ as a function of each of the four most

important input parameters in the simulation. In the parameter space that we explored,

85% of the cases generated (̂ < 60d. This means that in the parameter space that we

judged to be relevant and realistic, the spawning groups are usually well mixed before

the survey season begins.

To summarize the simulation results, we fit a poisson regression model:

(̂i ! Poisson
!
exp(c0 + c1""1

i + c2#i + c3%̃i + c4'i)
"

(8)

The resulting e!ect sizes are reported in Table 1. The poisson regression produces

coe"cients that are multiplicative and on the log scale (Gelman and Hill 2007). To

interpret these coe"cients, we exponentiate them and convert them to percent e!ect

size per unit change in the predictor variable. We also approximate the impact of each

predictor variable on the value of (̂ by showing the e!ect multiplied by the mean of (̂ .

In Figure 4(a), we show (̂ as a function of ""1, the mean distance among spawning

sites. When spawning sites are densely distributed (< 12km between sites), spawn-

ing groups mix quickly and are usually well mixed before the survey season begins.

However, when spawning sites are sparsely distributed (> 20km between sites), then

even well after surveys have begun, there remains a great deal of clumpiness in the

juvenile distribution that should be attributed to the influence of the spawning site

distribution. The e!ect sizes shown in Table 1 show that this parameter is one of the

most influential of the inputs.

In Figure 4(b), we show (̂ as a function of #, the mean number of redds per

site. Not every spawning site produces equal numbers of juveniles, the parameter #

reflects this uneven productivity among spawning sites. When # is large, each site has
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a large number of redds, and this increases the possibility of redds from adjacent sites

overlapping in space due to random locations of redds. Spawning sites that produce

smaller numbers of juveniles mix more slowly, but this is only because it is easier to keep

a small group of fish together than a large group. In general, variation in productivity

among sites only has a minor e!ect on the rate of mixing of spawning groups. This

parameter produces the smallest e!ect shown in Table 1.

In Figure 4(c), we show (̂ as a function of %̃, the rescaled variance of non-directional

movement (Section A.2). We see that there is a negative correlation between the rate

of mixing and the rate of non-directed movement. This is intuitive: highly mobile

populations mix more quickly than relatively sedentary populations. This parameter

has one of the largest e!ects shown in Table 1. There is symmetrical relationship

between %̃, and ""1: greater mobility compensates for more distance among sites.

Finally, in Figure 4(d) we show (̂ as a function of ', the rate of goal-directed

movement. There is a negative correlation between rates of goal-directed movement and

mixing rates. Even small amounts of migratory movement can quickly mix a population.

However, this factor only contributes slightly to the variation in the mixing times within

the parameter space that we explored, the e!ect shown in Table 1 is very small.

Mixing times calculated from empirical spawning data

We simulated mixing times using spawning data for Columbia River Basin steelhead (O.

mykiss, winter-run). We obtained redd site location data from Washington Department

of Fish and Wildlife (WDFW)1. The data includes spatial locations of 41 spawning

1 Rawding, D. Unpublished data, East Fork Lewis River steelhead redd sites from float

surveys, 2003. Washington Department of Fish and Wildlife, Fish Program. Six Cedar Lane,

White Salmon, Washington. rawdidr@dfw.wa.gov



13

redds within an 11km stretch of the East Fork Lewis River, and 44 redds within a 5km

stretch of a tributary (Rock Creek). Both are located in the Columbia River Basin

(CRB) in southeast Washington state. Both data sets included attributes per redd

site, but in the current analysis we use only the spatial location of each point. Figure

5 includes a plot of the redd data within a map of the East Fork Lewis River.

For our analysis, we used the redd location data to calculate along stream distances

for each redd site. We used a cost matrix function to process the redd site data within

ArcGIS (a type of Geographic Information System (GIS) software) (ESRI 2009). Each

redd location was snapped to the mapped stream layer if o!set, and sites were numbered

from downstream to upstream. A distance matrix was calculated for each data set,

based on distances along the stream between each redd site location.

Once the redd data was converted to univariate space, we used the CLARA cluster

algorithm to group the redds into spawning sites. We next used our movement model

to simulate juvenile trajectories from each site. From this we were able to measure (̂ .

In Figure 5, we show a map of the East Fork Lewis River with redd sites and

simulated juvenile distributions at the time of the juvenile surveys. Juveniles are not

distributed perfectly evenly throughout the stream, their distribution shows some clus-

tering. Without information of spawning groups, we could not distinguish between juve-

nile clustering that is attributable to the spawning distribution and juvenile clustering

that arises for other reasons.

In Figure 6, we have plotted in univariate space the spawning data for the East

Fork Lewis River and Rock Creek along with simulated juvenile locations over the first

ten days. In both simulations we have given the populations conservative parameter

values: there is no drift and the rate of variance is low. Still, both populations are

well-mixed within ten days. This is because the initial spawning sites are not very far
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apart: in the East Fork Lewis River there is an average of 3km between spawning sites

and in Rock Creek there is an average 1.5km between spawning sites. In both streams,

" is much less than our cuto! of 12km.

These sites illustrate how closely grouped spawning sites will always lead to rapidly

mixing spawning groups. We lack the data to illustrate a case where spawning sites are

very sparsely distributed. This type of continuous spawning data is collected by boat

or snorkel surveys. Most methods are labor intensive and used for short stretches of

stream. There is also redd data that is collected by repeated visits to known spawning

sites. These surveys do not provide continuous data or unbiased sampling, however

they are useful for estimating densities on larger spatial scales.

Discussion

Our goal was to determine if it is necessary to include spawning information in our

analysis of juvenile distributions and habitat preferences. We are convinced that in

most settings, juvenile densities measured in surveys are likely to be distributed inde-

pendently of their spawning sites. We conclude that in most cases, analysts are justified

in excluding spawning information from their juvenile/habitat analysis.

There are two exceptions. The first is when spawning sites are very sparsely dis-

tributed. The key result of this model is a rule of thumb: if spawning sites are greater

than 20km apart, then analysts should consider the influence of spawning distribu-

tions on juvenile densities. However, even in the case of sparsely distributed spawning,

juveniles are capable of becoming well mixed if they are su"ciently mobile.

The second exception is when fish are highly sedentary. In our model, spawning

groups are slow to mix when the variance of jump sizes is small. If fish tend to travel
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only small distances from their home range, then there is potential for spawning groups

to maintain themselves in distinct clumps. In this case, spawning groups may be quite

near to each other, but maintain separate groups because their variance is small. We

are less convinced of the realism of this case. Our movement model is simplistic, we

have sacrificed model complexity in exchange for a model that is general, straight-

forward and tractable. But in practice, nearby spawning groups would tend to aggregate

at locally desirable sites, a level of realism that is not represented in our simplistic

movement model. This fine scale behavior might not be adequate to mix spawning

groups that are very distant, but we think it is unlikely that very nearby spawning

groups would maintain distinct clusters because of small roaming rates.

Attempts to correlate juvenile distributions to habitat features have run into serious

challenges. This simulation study indicates that we can eliminate spawning distribu-

tions as a significant source of noise in this relationship. This allows us to turn our

attention to other complicating factors that may be concealing the juvenile/habitat

relationship.

The next step is to extend our simulation of juvenile movement from univariate

space to a dendritic, branching network space (Campbell Grant et al 2007). Adding

this realism would require the development of a model for a random walk in dendritic

space that could represent salmon movement behavior. We would likely rely on the

spatial autocorrelations recently developed for branching networks by Hoef et al (2006).

There are a many potential applications for this framework, but the first application of

interest to us is how the spatial distribution of habitat impacts survival of the rearing

stage. The habitat requirements of juveniles are di!erent in summer and winter; overall

survival depends on the availability of both types of habitat. However, survival rates in

transit among sites varies across years, causing some winter rearing grounds that are
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accessible in good years to be inaccessible in poor years (Flitcroft 2007). By simulating

the movement of juveniles among 1) spawning grounds, 2) summer rearing sites, and

3) overwinter rearing sites, we can describe the spatial distribution of habitat needed

to support high overall survival even in poor years.
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Table 1 Parameter values used in simulation and results of a regression on !̂ . The e!ect

is equal to exp{coe"cient} ! 1 where coe"cients are estimated with a poisson regression

(Equation 8). Approximate "!̂ is equal to the e!ect size multiplied by mean of !̂ .

parameter range units description e!ect "!̂/unit

n 6 sites # of spawning sites

#!1 4–30 km mean distance between sites +9.5% 4d/km

$ 5–100 redds mean redds per site !0.1% 1d/34redds

%2 1 km2 variance of redd locations

& 0.005 d!1 individual growth rate

L" 200 mm asymptotic length

'̃ 0.75–1.5 km standard deviation of jump

sizes for a fish of 100mm

!8.9% 4d/km

( 0–50 km/day maximum rate of drift !0.6% 1d/ 5km
d

c 0.23 km!1 sensitivity of drift rate to dis-

tance from goal
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Distance

Spawning Sites

Redd Sites

Spawning GroupCluster

Fig. 1 Schematic of spawning in univariate space and definition of terminology. Redd sites

are located within spawning sites. Groups of juveniles that originate in the same spawning site

are termed spawning groups. Clusters are estimated from data for juvenile locations without

knowledge of their true spawning group. When the clusters correspond poorly to spawning

groups, we take this as evidence that juveniles are well-mixed.
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!y

!x

Spawning site boundary

Spawning site centroid

Redd

Cluster test

Fig. 2 Schematic of simulation for calculating !̂—the day when spawning groups are fully

mixed. The distance between spawning sites ("x) is a random draw from an exponential dis-

tribution. The number of redds per spawning site is a random draw from a poisson distribution.

The distance between the site centroid and each redd location ("y) is a random draw from a

normal distribution. The boundaries of the spawning sites are approximate. From each redd,

we simulate a fish trajectory with a random walk model. Periodically over time, we perform

the cluster test to determine whether the fish are well mixed.
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Fig. 3 Terms of the movement model (Equations 6–7). (a) Variance of the daily jump size

increases with time as juvenile body size increases. (b) Propensity to migrate upstream towards

cooler headwaters decreases the further upstream the juvenile is located.
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Fig. 4 Simulated values of !̂—days until the population is fully mixed—as a function of

the four key input parameters (see Table 1). Data is summarized using traditional boxplots:

the central black line indicates the median of the distribution, the box edges indicate the

25th and 75th percentiles, and the whiskers mark the range of the distribution excluding

outliers. Outliers are defined to be values that fall outside the box by more than 1.5 times the

interquartile range.
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Fig. 6 Day 1 is a plot of redd site data from two Washington streams. All following days

are simulated juvenile locations. We grouped redds into spawning sites (indicated by colors)

and measured how long it would take for the resulting spawning groups to become thoroughly

mixed (!̂). Movement parameters are ' = 0.16 and ( = 0. Points are jittered 10% to aid

visualization.
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A Appendix

A.1 Dimensional Analysis

Throughout this section, square brackets may be read as “the unit of.” Referring back to

Equation 4, our distance units are kilometers and our time units are days. Thus, a step in the

random walk has distance units,

[dX] = km

and therefore,

[b(x, t)dt] = km and
$#

a(x, t)dW
%

= km

We consider the drift term first,

[b(x, t)] = km/day

We assign the unit

[c] = km!1

and substitute in Equation 7. With some algebra this yields

[(] = km/day

Next we consider the variance term. This analysis is more confusing because of the stochastic

term. Just recall that

#
a(x, t)dW " Norm(0, a(x, t))

and the unit of the variance is the square of the original unit, thus

[a(x, t)] = km2

We assign the units

[L"] = mm and [&] = days!1

and substitute Equation 6. With some algebra this yields

['] = km2mm!1
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A.2 Rescaling

To facilitate interpretation of ', we standardize and rescale into more intuitive units.

'̃ =
#

'$ 100mm

['̃] = km

Here, '̃ is the approximate distance traveled in a day in a random direction for a fish 100mm

in length, the approximate size of a smolt at the time of the downstream migration. To convert

back to alpha:

' = '̃2/100


