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Abstract
Most peated whiskey or beers on the global market are produced using malted grains smoked
with Scottish peat from several sites across Scotland. Scant analysis has been performed
comparing content and characteristics of North American peat to Scottish peat used in the
production of Scotch whiskey. No known model exists to aid in the location and selection of
North American peat deposits for use in smoking malted grains and the production of
whiskey or other beverage products. Using GIS, this study established such a model.
Comparisons of peat sample content and characteristics found in literature referencing peat
found in North America, Europe, Scotland, and Japan yield consistencies and insights
allowing the development of a model that applies to peat globally. Minnesota Department of
Natural Resources (MNDNR) data containing 35,142 geolocated sample characteristic
records for 7,115 sample sites across Northern Minnesota were used in combination with
USGS SSURGO and other public land ownership data to create an overlay analysis model
that both locates peat and evaluates its potential suitability based on 20 unique factors
extracted from these datasets. A scoring matrix was developed based on 17 criteria, which
assigned a score to each sample record with the highest scores indicating the most suitable
samples. The sample record locations and their scores were represented as geolocated points.
These scored points were used to create a Kriging layer for the extent of the study area which
predicted score values for all area between known points. The resulting interpolation layer
was then combined with 3 additional layers controlling for 2 additional suitability criteria and
1 controlling for accessibility of the area. Only areas where all suitability criteria could be
combined in overlay, and the area was accessible for harvest and testing, were considered in
the final weighted score model. Of the total study area (44.8 million acres), only 3.67% (1.65
million acres) of the area scored high enough for testing consideration. Only 0.24% (109,246
acres) of the study area rated in the highest category of the overlay analysis scores. Due to
the quality and public accessibility of the data available for the area, an exceptional degree of
area reduction was achieved. The model identified areas ideal for further testing at a 30meter resolution, and identified suitable areas not previously known to the nonproprietary
public.
In the case of using North American peat
for whiskey production, no research is
While there is a significant amount of
found to be available in the public domain.
research on peat across the world, the
However, several studies (referenced in
amount of research specific to peat used in
below sections) indicate certain primary
whiskey production is much more limited.
components of peat are similarly present
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in peat studied in North America, Europe,
Scotland, and Japan. This allowed for the
development of suitability modeling
involving properties generally expected in
any peat sample.
Currently, most grains labeled
“peated”, and known for imparting a
smoky flavor profile to the products
produced with them are made using peat
from several sites in Scotland. The level of
smokiness is generally assessed using
phenol parts per million (ppm) present in
the malted grains following the malting
process involving peat smoke (Bathgate
and Taylor, 1977). Public-domainaccessible research shares measurable
values for core peat properties such as
phenol parts per million, botanical
composition, and horizon depth of peat
used in Scotland for the purposes of
whiskey production (Macfarlane, 1968).
More recently, research indicates
certain properties of the peat itself and
surrounding soil could be used to
differentiate and select peat based on how
it may influence the flavor of a resultant
peated whiskey (Harrison, Ellis,
Broadhurst, Reid, Goodacre, and Priest,
2006). Harrison and Priest (2009)
similarly evaluate how geographic
regionality and composition of peat would
influence the chemical and botanical
profile of the peat used during whiskey
production, thus affecting the flavor of a
peated whiskey product. Together, these
data facilitate the development of a model
capable of matching certain properties of
Scottish peat, while discerning which
properties would differ.
Lastly, the factor pivotal to viable
suitability model development was access
to consistently high-quality public data.
Since 1979, the Minnesota (MN)
Department of Natural Resources (DNR)
has extensively sampled and cataloged
more than 7 million acres of peat located

in the state. While this data presented
challenges, a significant volume of records
contained information specific to variables
such as botanical origin (constituent
material) of the peat, horizon depth,
decomposition rating, accessibility, sample
coordinates, and more were available.
Minnesota DNR data was
combined with additional geographically
located information contained within the
United States Geological Survey (USGS)
Soil Survey Geographic Database
(SSURGO) datasets available through The
GeoData Gateway. Access and ability to
analyze these datasets concurrently was
critical to the development of a model at
sufficient scale to possess market
relevance. Additionally, any model with
market relevance involving natural
resources should also be considered to
have conservational relevance. Certain
locational data, especially at smaller
scales, has been withheld from publication
to mitigate risk of harm to the peat
resources referenced in the study.
Methods
Using Botanical Ingredients as
Suitability Criteria
Bendig, Lehnert, and Vetter (2014)
showed the unique power of a specific
phenolic compound, bromophenol to
consistently impart flavors discernable to
consumers of whiskey. While not all
phenols are so easily perceived by the
palate, it seems likely differing types of
phenols present in the distillate can affect
flavor perceived by the consumer. Types
of phenols present in peat vary widely
based on geographic origin. Phenolic
profiles should be considered during
selection – both to meet current dominant
market palates and to develop new flavor
profile adaptations.
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Minnesota DNR data did not
include specific phenol types. However,
Tsutsuki and Kondo (1995) indicate
specific plants found within peat deposits
such as reed sedge not only exhibit
differing phenolic profiles, but also
differing quantities of phenols (in parts per
million or PPM). From this information, a
proprietary blend of factors related to
botanical composition and other items was
developed for use in the development of
the study model. Selected for the model
were those factors most likely to impart
desirable flavor characteristics should they
be present in the distillate following
production using a peat sample selected
with the model.
Botanical origin information was
available in the Minnesota DNR data, and
after 1983 they began using a
classification schema indicating
significantly more complex evaluation of
botanical components. Sample records
were scored based on 11 unique botanical
ingredients and the proportionality of their
presence in the sample. Specific plants
were weighted more heavily than others
based on their contribution to phenol
profile and their expected contribution to
flavor influence. The exact weighting of
botanical criteria has been withheld for
commercial viability and pursuit. A final
botanical score was then assigned to all
35,142 sample records.







Additional Factors Extracted from MN
DNR Data


These additional items extracted from the
MN DNR data either increased or
decreased the final weighted score of each
peat sample point.
 Decomposition Rating:
Pind, Freeman, and Lock (1994)
indicate peat which is not
sufficiently decomposed will not
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present ideal carbohydrate:lignin
ratios similar to Scottish Peat, and
peat which is too decomposed will
have decreased amounts of critical
components such as phenol parts
per million.
Raised/High Moor Bog:
Tsutsuki and Kondo (1995)
indicate higher phenol content
(PPM) in what was classified as a
high moor or raised bog. Similar
raised bogs are also found in
Scotland, some of which are
harvested specifically for use in
whiskey production (Harrison and
Priest, 2009).
Disturbed Peat:
MN DNR data contained a field
indicating if the peat was a
disturbed or disrupted site. This
does not make the peat non-viable
outright, but it does make it less
likely to be a viable site.
Subsequently, disruption reduced
the weighted score of relevant
sample records.
Accessibility:
MN DNR data also contained a
field indicating what type of
method was used to access the
samples. Not all samples contained
data in this field. Samples which
were recorded as having been
accessed (by the DNR) by walking
and without the use of specialized
equipment such as helicopters or
snowmobiles were considered
more viable in this model.
Depth:
Peat samples with an indicated
depth greater than 50 cm were
considered more valuable for both
quantity and viability of
commercial pursuit at scale, as
well as how the depth affects

oxidation and decomposition
(Pind, Freeman, and Lock, 1994).

example, a core representing multiple
depth horizons may show non-preferred
characteristics in horizons near the
surface, but preferred peat would lie
underneath in significant quantity. The
resulting analytic sample included 25,275
sample records. Table 1 depicts the
number of sample records, sample sites,
and how many of each contained
characteristics preferred by the scoring
model.

These 5 additional factors were
combined with the botanical score for all
MN DNR sample points to create a final
preferential rating score based on the 11
botanical ingredients and the
proportionality of these ingredients present
in the samples. Points exhibiting ideal
characteristics were separated into a single
layer and used to separately evaluate how
soil characteristics relate to both peat in
general and the peat preferred by the
scoring model. The locations of these
points in relationship to Minnesota County
boundaries can be seen in Figure 1.

Table 1. The table below illustrates the reduction in
sample records and sites when restricted to only
those records and sites containing characteristics
preferred by the scoring model. This refers to data
pertaining to the study of peat collected by the MN
DNR across 5 counties beginning in 1979.

Using Kriging to Produce a Predictive
Score Layer for the Study Area
Kriging was used as the interpolation tool
to generate a raster layer indicating
predicted scores for all the area between
points where scores were known. Ordinary
Kriging and a Spherical Semivariogram
were used to produce a modest predictive
model based on the scored peat sample
points.
Peat sample points with preferred
criteria present were combined into a
single point layer with sample points
presenting zero preferred criteria. This
allowed the Kriging model to predict
based on known positive and negative
scores and how they related spatially.
Including known negative samples
reduced the amount of area which could be
falsely predicted to have a positive or

Figure 1. Against the MN county boundaries, dots
represent sample records located using XY
coordinates associated with each MN DNR peat
sample record extracted from an Access Database
format. Each sample (dot) was assigned a viability
score based on criteria herein.

Finally, to avoid spatial conflation
of scores and their locational importance,
points which directly overlapped each
other were removed. This step prevented
same-core samples presenting differing
scores from confounding the interpolation
model which followed, enhancing
predictive accuracy of the model. For
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preferred value (Mitchell, 2012). The
Kriging layer produced had a sliding scale
of predicted values ranging from -0.564 to
6.19 throughout the study area. This
original sliding scale was then reclassified
into ranges assigned integer values using 9
equal interval breaks because this created
a break closer to the score of 1 than did 8
or 10 breaks. This step separated all area
where a score of less than 1 was predicted
into distinct integer scores, while still
preserving equal distribution among
remaining ranges and their new assigned
integer values (Figure 2).

symbolized with no color, and scores were
symbolized on a scale from green to red.
Table 2. The table below shows the final score
values and area distribution of the Kriging layer
used in the production of the combined overlay
analysis. Only 13.4% of the total study area was
assigned a predicted value of 3 or greater.

Figure 2. MN county boundaries superimposed
upon the Kriging layer generated using the scored
peat sample points. Colors are on a gradient scale
from green to red, with darkest green being scored
least preferentially and red being highest scored.
This method assigns a score to the entirety of the
area studied, not just the points as seen in Figure 1.

Figure 3. Kriging layer with the final scoring
values described in Table 2. Areas with a score of
zero are effectively removed from consideration,
and the white spaces in Figure 3 compared to
Figure 2 demonstrate those areas assigned a
predicted score too low to merit further
consideration based on this model.

A second reclassification step was
taken to assign the value of 0 to all area
predicted to have no preferred criteria.
This step ensured only those raster cells
predicted to have preferred criteria
received a positive integer value score.
Table 2 shows how many acres within the
study area received each integer score.
Figure 3 displays the layer associated with
the data in Table 2, where a score of 0 was

The final Kriging layer assigned
only 13.4% of the total study area a
predicted value greater than or equal to 3,
with 7 being the highest possible weight
an area could receive. This was extremely
rare, with only 7 acres of 44 million total
being predicted to have a score of 7. As
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seen in Figure 4, the predictive scoring did
accommodate areas where preferred
samples and non-preferred samples were
located very close together by reducing the
predicted value assigned to that area even
though confirmed positive samples were
present in that area.

Developing pH as a Suitability Criteria
Pind, Freeman, and Lock (1994) indicate
phenol oxidase as the primary enzymatic
driver of phenolic decomposition and
lower pH environments reduce this
enzyme’s ability to break down phenols in
the peat. Over time, lower pH values
impact many factors in peat deposition,
including decomposition rates and the
preservation of vegetable matter cellulose
structure similar to acids being commonly
used to preserve foods.
It was hypothesized SSURGO data
indicating lower pH values would be
strongly related to areas where peat was
most likely to exist, and peat in an area
with lower pH would be more likely to
present characteristics indicative of a
stable decomposition rate. It is important
to note there were some areas where peat
sample records existed and SSURGO data
did not.
There were 119,938 soil sample
records contained within the SSURGO
table which stored data related to pH and
other soil properties. Several pH values
ranging from 6.0 to 4.8 were explored to
observe the relationship between pH
values and peat presence.
Of the SSURGO soil sample
records, there were 3,785 records (3.15%)
which contained pH scores of < 5.0, and
1,843 records (1.54%) with a pH score of
< 4.8. The pH values were related to
geolocated shapes called Map Unit
Polygons (MUPs) through a key value,
and all MUPs containing sample pH
values were selected to determine how this
would impact the total area considered
viable, and the amount of peat samples
still contained within them upon reduction
of pH cutoff value.
When only those MUPs containing
soil sample pH values of < 5.2 were
selected, 84.8% of all MN DNR peat

Figure 4. A closer view of an area where points
with preferential scores and points with no
weighted value were within a few miles of each
other or in some cases clustered within 100 yards.
The isolated green patch to the right is an area
where preferred points were extremely close to and
surrounded by points exhibiting no preferred
characteristics; the amount of area predicted to
produce preferred characteristics was reduced
significantly as well as the predicted score of only
1 or 2 even though points at the center of that area
representing scores of 5 to 6 preferred
characteristics. The red area indicates no
contraindicated point scores, and is significantly
more likely to produce preferred characteristics
more consistently throughout.

Other areas where a majority or all
samples in the area were positive were
assigned higher predicted values. This
prevented false inflation of positive
scoring in areas possessing greater
preferred characteristic variance. This
predictive layer was created at a 30-meter
resolution meaning each pixel or cell of
the raster layer was a square representing
an area of 30 meters by 30 meters.
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sample points were still contained within
those areas, and 76.2% of all peat sample
points with preferred characteristics were
still contained within those areas.
However, the MUPs containing < 5.2 pH
soil samples still represented over 7
million acres.
When the pH cutoff was changed
to < 4.8, 84.2% of all peat sample points
were still contained within the MUPs
selected, and 75.8% of all peat sample
points with preferred characteristics were
within the same MUPs. The MUPs
containing < 4.8 pH soil sample records
represented 3.6 million acres.
Consideration of pH scores
allowed reduction of total area considered
viable by 48% compared to < 5.2 pH as
the cutoff value while only losing less than
1 percentage point of the peat sample
points presenting preferred characteristics.
This step reduced the area considered
viable according to pH to 8.5% of the
study area, while retaining the majority of
peat samples with preferred
characteristics.
The MUPs containing < 4.8 pH
soil sample records (Ideal pH MUPS)
were then used to generate a Euclidean
Distance layer extending 2 miles from the
edge of the same MUPs. This layer was
then reclassified into ten equidistant
intervals such that the area within the
MUPs with confirmed soil sample values
of < 4.8 pH and up to 0.2 miles from their
border was assigned a score of 10, with
decreasing values assigned to each 0.2mile interval up to the 2 miles buffer edge.
The resulting weighted scoring
layer prioritized areas based on proximity
to areas where preferred pH conditions are
more likely. All area more than 2 miles
away from the Ideal pH MUPs was
assigned a value of 0 (Figure 5) which
removes it from consideration in the final
model layer.

Figure 5. Image showing the Euclidean Distance
layer generated using the MUPs containing
SSURGO soil sample records showing < 4.8 pH.
The scale of the image causes the red to show more
densely than it would in a closer scale view.
However, this scale is important to show coverage
of the study area achieved by the layer. Red areas
are the closest to those MUPs with < 4.8 pH. Green
is seen at the outermost fringes of the 2-mile buffer
area, indicating reduced preference and lower
scores assigned to those areas.

The use of the 2-mile buffer zone
was chosen because peat from areas where
pH is not ideal may still be suitable for use
in whiskey production and should not be
excluded solely based on this criterion
alone. This prioritizes significantly those
areas where peat is most likely to have
ideal conditions, but still includes areas
where other preferred factors may be high
enough to compensate for a less ideal pH
value. This step also prevented the
assignment of a 0 value to all area where <
4.8 pH was not found in the soil sample
data, which would have potentially
excluded areas falsely during overlay
analysis.
In Figure 6, the Ideal pH MUPs
can be seen in light blue, and the color
changes indicate decreasing score values
as distance from Ideal pH MUPs increases.
pH can vary significantly due to
many factors, including how the pH test
solution is stirred. Thus, this layer was not
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intended to confirm pH values, but simply
indicate greater or lesser likelihood that an
area would have a preferred pH value
when sampled or harvested.

(SOC) content at various horizon depths,
followed by a field showing an aggregate
value for all horizon depths in that sample
area. While C:N could not be determined,
the amount of Carbon was available.
It was hypothesized based on this
research that those areas with the highest
SOC values would strongly relate to areas
where peat sample points and preferred
characteristics obtained from MN DNR
data existed. Furthermore, it was
hypothesized areas where SOC is highest
are most likely to present more inhibited
decomposition rates and higher phenol
content.
SOC values were stored in a table
joined with a gridded raster for ease of use
and calculation. All grid cells were related
by a key field to all sample records
containing SOC values to the grid raster
cells. This raster was originally 10-meter
resolution and was reclassified to 30-meter
resolution to match the resolution of the
other datasets used in the overlay analysis.
The SSURGO raster data spanned much of
Minnesota, but was clipped to the same
44-million-acre study area covered by the
predictive Kriging layer generated from
the MN DNR peat data.
Use of this raster allowed for
simplification of calculation and
assignment of weighted values to regions.
It also allowed for the comparison of
ranges of SOC values within the study
area, all MUPs containing peat sample
points, and all MUPs containing only
those peat sample points with preferred
characteristics. In Figure 7, the study area
coverage of the SSURGO data can be
seen. Only 29 million acres could be
linked to SOC sample values within the
study area range. Much of the white area (
Figure 7) is either open water, or area
where SSURGO data does not exist.

Figure 6. Close up view of the Ideal pH MUPs
shown in light blue indicates the decreasing scores
assigned to areas as distance from the MUPs
increases using a color scale, where red signifies
higher scores and green indicates lower scores.
Distance is shown in 0.2-mile zones radiating out
from the edge of the MUPs until 2 miles is reached.
White areas are considered to have a score of zero
and are thus excluded from the final overlay
analysis.

Developing Soil Organic Carbon as a
Suitability Criteria
Morita (1980) indicates peat deposits with
a higher Carbon:Nitrogen ratio (C:N)
present higher phenolic densities. In part,
this may be due to the instigation of
oxidative processes by Nitrogen, including
phenol oxidase mentioned above. The
impact of Nitrogen on the oxidative
process is further confirmed by Bragazza
and Freeman (2007) in their analysis of
European peat bogs and how Nitrogen
influenced the peat within them.
Neither the MN data nor the
SSURGO data contained any values for
Nitrogen. However, SSURGO did have
several fields listing Soil Organic Carbon
8

Ranges were assigned using Jenks
Natural Breaks using 10 classes, with each
range assigned an integer value as a score.
Cell count is a reference to the number of
pixel cells in the raster data assigned an
SOC value within the range described in
the SOC g/sq. meter column. Being 10meter resolution data, each cell represents
100 square meters. The percent of the total
number of cells is included in the
following tables to show changes in the
proportionality of cells within each range
class as area selections change.
The MUPs where any MN DNR
peat sample record existed were selected
and used to evaluate the SSURGO raster
data within their boundaries (1.9 million
acres). The SOC distribution within the
MUPs where all peat sample points were
present (Table 4) where 95% of the area
within those polygons were indicated to
have 27,487-413,158 g C/sq. meter of soil.

Figure 7. Image showing MN county boundaries in
relation to the study area and SSURGO soil data
that was linked to SOC values. The SOC values are
symbolized using a green to red color scale where
darker green represents lower values and red the
highest. This image includes all ranges of SOC
values as depicted in Table 3.

The SOC distribution for the entire
study area is seen in Table 3. Calculation
results indicate only 22% of the entire 44million-acre study area have between
27,487-413,158 g C/sq. meter of soil in the
samples represented by the SSURGO data.

Table 4. Table showing SOC distribution in the 1.9
million acres inside MUPs where peat is known to
exist through MN DNR sample records. Note the
distribution in comparison to Table 3.

Table 3. The table below shows the ranges
assigned using Jenks Natural Breaks, the value
assigned to that range, the number of 10-meter
cells in the SSURGO raster containing a value
within that range, and what percent of the total
selected area that range represents.

MUPs containing only peat sample
points with preferred characteristics were
then used to evaluate the SSURGO raster
data contained within their boundaries (1.5
million acres). Table 5 indicates 98% of
all the SSURGO raster area contained
within the MUPs where peat with
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Table 6. Table showing how the final score values
were assigned to the SOC value ranges shown in
previous tables. Areas assigned a score of zero
were not considered viable in the scoring model
and combined overlay layers.

preferred characteristics is known to exist
has 27,487-413,158 g C/sq. meter of soil
sampled in that area by SSURGO.
Table 5. The table below indicates SOC
distribution in the 1.5 million acres inside MUPs
where peat with preferred characteristics is known
to exist through MN DNR records. 98% of the area
was in the top 4 range classes, as compared to 95%
in those MUPs just containing any known peat
sample, and 22% of the study area.

Based on these results, the SOC
raster was reclassified again to assign
values according to the reclassification
table (Table 6). Only areas where the
association with preferred peat is highest
were assigned a positive integer score, and
all other area was assigned a value of 0.
This step eliminated all area with
less than 27,487 g C/sq. meter of soil from
consideration during the overlay analysis.
This allowed the inclusion of areas where
peat is not confirmed to exist, but similarly
high Carbon values were found. This
importantly increased the amount of
pursuable area, as known peat is often no
longer available for commercial pursuit.
The resultant layer from the
reclassification shown in Table 6 can be
seen in Figure 8. Only area with > 27,487
grams of Carbon per square meter of soil
had values ranging from 1-4.

Figure 8. Image showing areas with > 27,487
grams of Carbon per square meter of soil. The
colors scale from green to red, with green being a
score of 1, and red being a score of 4 per Table 6.
Significant area outside known peat sample regions
were found to have similar amounts of SOC
content to areas with confirmed peat presence. In
combination with the other layers and variables,
this layer will allow for prospective sites to be
identified for further sampling and use.

Combining Layers to Create a MultiVariable Weighted Score Layer
All layers were combined using the Raster
Calculator tool and map algebra. The
layers were multiplied, which eliminated
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any area where a weight of zero existed in
any of the layers from consideration by
reassigning a weight of zero to that area.
This step ensured only those areas where
all layers had positive integer values were
considered potentially viable.
Additionally, wider stratification of
the data (scores ranging from 0-240)
allowed for greater differentiation between
areas of minor viability and more
significant viability. The resultant overlay
analysis scores were reclassified using
Jenks Natural Breaks (Table 7), rating all
viable area on a scale of 1-5.

protected lands data were reduced to these
counties, as they covered the majority of
the study area. Areas within these counties
were also most likely to have significant
amounts of protected land due to already
existing scrutiny of the area, government
and tribal ownership of land in the area,
and conservation efforts regarding known
peat deposits in those areas.

Table 7. Table showing combined overlay score
ranges, the integer value scores assigned to each
range, how many acres are represented by each
range, and the percent of the total acres assigned a
score by the combined overlay process.

Figure 9. Image showing all area with a combined
overlay score > 14, and scaled from green to red
with green being scores of 14-42, and red
representing scores of 108-240. However, this
image includes areas considered protected, are
federally owned, or tribally owned. These areas
would not be viable for pursuit or harvest, and
must be removed. Figure 10 illustrates those areas
which must be excluded from the final analysis
layer using gray polygons with red borders.

A layer was then generated
displaying areas where scores 2-5 were
assigned fill colors. By removing these
least qualified areas, the most viable 20%
remained for further consideration and
testing. A layer showing this top 20% of
viable area can be seen in Figure 9.
However, not all areas shown as viable
were pursuable by the public or common
commercial interests, and this needed to be
corrected to improve the model’s utility in
a commercial context.
Following the production of the
final overlay scoring layer as a raster, a
mask polygon was produced to cover the
study area. Polygons representing
protected land were obtained for the 5
counties involved in the MN DNR study
of peat through the GeoData Gateway. The

The protected lands polygons were
then used to erase their footprints from the
study area masking polygon. The resulting
polygon was then used to extract the raster
data present only within areas not listed as
protected according to this dataset. This
included Tribally Owned, Government
Owned, and Privately Owned but Listed as
Protected lands. There may be additional
protected lands within the study area not
stored in this dataset.
Any viable areas within these
protected areas would be extraordinarily
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difficult to pursue commercially compared
to viable areas on private or otherwise
accessible land. Figure 10 shows the
protected lands in gray with red borders,
and area still considered viable outside
their boundaries in a color scale from
green to red. This final layer seen in
Figure 10 is the final layer produced in
this study and shows all remaining area
still retaining an overlay score.

overlay analysis model successfully
reduced the study area of 44 million acres
to narrow the focus of future testing on the
0.24% of the area considered optimal
(109,247 acres). Roughly 1.6 million acres
(3.6% of the study area) is scored
sufficient to warrant pursuit for further
analysis and use, depending on
accessibility. This model and the resulting
data will be used to begin the process of
site selection for ground sampling and
testing to assess and develop the model’s
accuracy.
Table 8. Following removal of protected lands,
only 10 million acres receive any combined score,
only 1.6 million are considered viable with scores
of > 14, and 109,247 acres is considered optimal
for pursuit. The area considered optimal for pursuit
represents only 1% of all area to receive a score
from the final combined overlay analysis, and
0.24% of the study area.

Figure 10. Image showing protected lands in gray
polygons with red borders, and the remaining 1.6
million acres with scores > 14 shown scaled from
green to red, with green being least viable and red
being most viable. Only 109,247 acres receiving a
score > 108 remained.

Specific locations and closer scale
maps have been withheld from publication
for protection of the peat as a vulnerable
natural resource. However, in Figures 11,
12, and 13, some samples of the final
layers illustrate the degree of specificity to
which the model can target viability areas.
The final completed overlay layer
successfully indicated areas for further
testing at a 30-meter resolution. However,
ground testing of the model is needed prior
to making claims as to its accuracy.

Results
The removal of protected lands reduced
the total area considered viable by
approximately 5 million acres (-36%). It
more severely restricted the area with
scores > 14, reducing the top 20% most
viable area from 3.1 million acres to 1.6
million acres (-47%) (Table 8).
Only areas with final overlay
scores > 14 will be considered for further
testing (16% of viable area), with only
109,246 acres (1% of viable area) scoring
> 108 in the combined overlay analysis
scoring model. The use of this combined

Discussion
Fortunately, due to the exceptional quality
of the data publicly available through the
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MN DNR and USGS’ SSURGO, the
desired variables found to be relevant
through literature review could be isolated
enough to allow for the development of an
initial predictive model and combined
overlay scoring analysis.
Model construction was dependent
upon the amount of known peat deposit
data, which in turn was critical to
demonstrating the usefulness of criteria
such as pH and Soil Organic Carbon
(SOC) levels. Without the peat data, it
would not have been possible to
demonstrate which factors coincided
strongly with known peat, and most
especially peat with qualities similar to
those considered ideal in Scottish peat –
the predominant market standard.
Figure 12. Map enlarging a different area in MN
where no protected lands restrict access, and
represents an area barely 3 miles wide.

Figure 11. Map showing areas in Minnesota
predicted to have some optimal peat deposits.
Protected lands encroach on surrounding deposits,
potentially limiting accessibility.
Figure 13. Map enlarged to show an area only 1.5
miles across. Each pixel cell represents an area
only 30 meters across.
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This is a modest test model to both
locate peat in areas where peat has not
necessarily been known or publicly
cataloged, and evaluate its potential for
use in whiskey production. Many
additional criteria could have been
included such as elevation data, specific
types of existing vegetation contained in
layers such as land use or coverage layers,
and more. The scope of this study did not
allow for the development of these
additional criteria, but they will be useful
following initial ground sample and
distillate production tests and will allow
for refinement of the model in the future.
Any future version of the model, and data
collected related to samples taken from
these areas, should include these
characteristics so additional benchmark
values can be established to advance the
selection model.

The topic of transparency is one of
growing urgency in the whiskey industry
currently. Peat may be developed as a
resource that provides significant market
and flavor differentiation due to the
distinct and irreplicable nature of its
origination and impact on flavor. Further
study and evaluation of peat types utilized
during malting and distillate production
could be critical to market differentiation
efforts across a wide spectrum of products,
and may deeply influence consumer
education about how distillates can be
evaluated based on appellation of
ingredients – including peat – used during
its production. Much like farm-to-table
marketing, this research could inform
locavore, micro-brewery and microdistillery movements. Marketing,
purchase, and competitive evaluation of
whiskey are global engagements. Peat is
now as important a messaging component
to whiskey as terroir has long been to
wine.

Conclusions
The peat located using the test model will
have geographically unique botanical,
hydrological, and mineral property
characteristics specific to those areas.
Thus, this sampled peat cannot and should
not be considered to replicate or
supplement for the peat of Scotland.
Because the core peat properties
scientifically associated with marketfavorable malting and distilling results
have been confirmed, production testing
using a set of ideal samples selected using
this test model should proceed. Using the
criteria developed by this model,
additional data could be collected and used
to compare distillate product quality and
the properties of the peat used during
production to further isolate those
characteristics which should be added or
modified in weighted value within the
model.
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