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How Many Samples Are Enough? 

Introduction
 When Cliff Stanley telephoned me last April and asked 
me where the ‘30 samples’ came from, I had to admit that I 
thought I was responsible and that the estimate came from a 
consideration of the standard error of the mean.  I could not 
remember at the time where I had written it and illustrated 
the plot of 1/√n versus n; it was not in my fi rst guess, the 
chapter on sampling in Richard Howarth’s Volume 2 of the 
Handbook of Exploration Geochemistry (Garrett 1983a).  
Some digging retrieved the 1979 paper (Garrett 1979) that I 
forwarded to Cliff, and set me thinking as to just why I chose 
30.
 The choice was not quite as arbitrary as it may appear, 
what was arbitrary was another number, 120.  In the days 
of statistical tables, the Student-t statistic, used for estimat-
ing confi dence bounds on means, was only tabled up to 30 
(see for example, Mathematical Tables from Handbook of 
Chemistry and Physics, 11th Edition, 1963), or occasionally 
120, as after that it changed only very slowly and slightly up 
to the value for an infi nite sample size.  Today the required 
values of statistics are computed ‘on the fl y’ by the software 
in the PCs we all use, as are the probabilities associated with 
hypothesis tests based on those statistics.  With reference to 
the value of 1/√n, by the time n reaches 30 the value of 1/√n 
has fallen to 90% of that which it attains at 120; and the fi rst 
derivative, i.e. the rate of change for the function, had fallen 
to well in excess of 99% of its value for 120.  
 The choice of the round number 30 did not seem too un-
reasonable if the objective was to estimate a mean for what 
was thought to be a homogeneous terrane, rather than set 
out a network of samples to detect a dispersion halo from 
a mineral occurrence.  In this latter instance a completely 
different set of guidelines are applicable; primarily to ensure 
the area of the sampling grid cells is smaller than the area 
of geochemical dispersion pattern being sought, preferably 
by a factor of two or more, and that the grid is favourably 
oriented relative to the expected orientation of the disper-
sion patterns.  Financial costs are always a major concern in 
designing and executing geochemical surveys, for estimating 
means, things were not going to change too radically after 
the sample size reached 30.  Unless, of course, the unit or 
area being sampled was not, in fact, homogeneous, i.e. the 
issue of ‘a specifi c situation’.

How many samples really are necessary?
 We have to thank Cliff for returning to this question in his 
Explore article (Stanley 2010) and proposing that it needs 
to be asked within the context of a particular survey in a 
relative way.  Not long before I received his phone call I had 
been asked the same question in a workshop in Halifax, NS, 
by an environmental consultant concerned with undertaking 
risk assessments.  I answered in the traditional manner, “30”, 
and was horrifi ed to hear that he thought 3 were suffi cient 
in order to characterize soils in his study areas to compare 
with the CCME (1997) guideline for As in soils.  Granted the 
size of the areas the consultant was working with were small 
land parcels, not geological-scale lithozones.  However, this 
in itself can cause problems because of spatial correlation 

effects, as noted below in the concluding remarks.
 Stanley (2010) points out that his derivation of the 
formula:

is distribution free.  True, however, that is not the case for 
the estimate of CV for the target population being sampled.  
Estimates of the classical mean and standard deviation (vari-
ance) are made with the underlying assumption that the data 
are normally and independently distributed.  Some practitio-
ners rely on the fact that the mean and variance are the most 
statistically effi cient estimators, however, that is only true if 
the assumptions are met.  In most cases regional geochemi-
cal data are neither normally distributed, even after some ap-
propriate transformation, e.g., logarithmic, or square root if 
the underlying true distribution is Poisson, nor independent 
of one another due to spatial correlation effects.
 It is now widely recognized that the estimation of the 
properties and range of geochemical background benefi ts 
from the use of robust estimators, see, for example, Reimann 
et al. (2005).  This recognition is also exemplifi ed by the wide 
use of the median by practicing geochemists rather than the 
mean as a measure of central tendency in regional surveys, 
though it must never be forgotten that background is a range 
and cannot be suitably defi ned by a single number (Reimann 
and Garrett 2005).  In general, the adoption of robust esti-
mators by applied geochemists has been slow, although they 
have been in use for more than 30 years (Garrett 1983b), and 
physical scientists have been urged to use them by statisti-
cians, see, for example, Rocke et al. (1983).  More recently 
the use of both robust estimators and non-parametric meth-
ods, which are resistant to the effects of outliers and distribu-
tional assumptions, has become more widespread and tools 
provided to assist the applied geochemist in their application 
(Reimann et al. 2008).
 The practical problem described by Stanley in Nova Scotia, 
Canada, an outcome of the North American Soil Geo-
chemical Landscapes project, will occur again.  The project 
was proposed in 2001, and following several workshops a 
continent-spanning orientation survey was undertaken in 
2004 (Smith et al. 2009).  Following that, the Canadian and 
U.S. Geological Surveys commenced full scale sampling in 
2007.  To address the problem of having a suffi cient number 
of samples to support the estimation of background statistics 
on a provincial-scale, sampling of the Maritime Provinces 
was undertaken at a double density of 1 site per 800 km2, 
i.e. two 20 x 20 km cells sampled in every 40 x 40 km cell.  
The base sampling density of 1 site per 1600 km2 led to an 
anticipated suite of approximately 6000 samples across North 
America.  The Geological Survey of Canada withdrew from 
the tri-national effort in 2009, the U.S. and Mexican surveys 
are continuing.
 Recognizing the high variability of geochemical data and 
the presence of outliers, for example, the 345.7 ppm As value 
in the ‘Over Meguma Supergroup’ data discussed by Cliff 
(Stanley 2010, Table 1), how can estimates of “how many 
samples are enough?” be improved.  The specifi c value of 
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345.7 ppm As is probably not ‘stable’, a second soil sample 
collected a few meters away would likely vary by as much 
as 50%.  The mean, standard deviation and coeffi cient of 
variation for the As data are 46.6, 84.8 and 181%, respec-
tively.  The act of cutting the high value of 345.7 by a half 
to 172.8 results in estimates of 35.1, 42.3 and 121%, for the 
same estimators respectively.  The use of robust estima-
tion procedures leads to estimators for the median, Median 
Absolute Deviation (MAD) and an Inter-Quartile Range 
(IQR) based estimate of the standard deviation (SD), see 
Table 1 below, that do not differ between the two data sets.  
Depending on which of the two analyses was used different 
estimates of “how many samples are enough?” would be 
obtained because of the sensitivity of variance and standard 
deviation estimates to outliers and extreme values.  However, 
if robust estimation procedures were used there would be no 
difference in the estimates of required sample size, for this 
example, because robust outlier resistant procedures ‘down-
weight’, reduce the effect of, outliers and extreme values.
 Table 1 presents the classical statistical estimators from 
Stanley’s Table 1 and additional robust estimators, medians, 
and MADs and IQR based estimates for standard deviation 
(data spreads).  Modern statistical packages compute medi-
ans and MADs, and an IQR based estimate of the standard 
deviation (SD) can be obtained by multiplying the IQR, the 
data range between the fi rst and third quartiles (Q1 and Q3, 
or 25th and 75th percentiles) by 0.7413, the ratio between 
the 50% of the data encompassed by the IQR and the data 

encompassed between mean ± 1 SD for a normal distribu-
tion.  This leads to the estimation of robust CVs (RCVs).

Table 1.  
Estimation of various coeffi cients of variation for As (ppm) 

concentration  in soils.
Statistic
Mean
SD
CV (%)
Median
MAD
RCVMAD (%)
Q1
Q3
IQR
SDIQR

RCVIQR (%)

Over Granite
13.35
7.36
55.12
13.80
4.45
32.23
10.8
15.9
5.1
3.88
28.14

Over Meguma
46.61
84.77
181.15
22.20
13.05
58.77
14.6
33.6
19.0
14.46
65.16

 The new robust estimates may then be used to estimate 
“how many samples should be enough?”.  Table 2 presents 
the results for a 10% tolerance level, as used in Cliff’s 
example.

Table 2.  
Number of soil samples required to achieve a 

10% tolerance level

Over Granite
Over Meguma

CVClassical

30.38
328.15

CVMAD

10.39
34.54

CVIQR

7.92
42.46

 Conservatively, these would be rounded to 31, 11, 8 for 
‘Over Granite’ soils, and 329, 35, 43 for the normal as-
sumption for the ‘Over Meguma’ soils, respectively.  With 
an appreciation of the natural variability of the geological en-
vironment I would not argue that fewer than 30 soil samples 
should be collected over the South Mountain batholith, it is 
known to be multi-phase.  Furthermore, going back to the 
original 1979 reasoning, fewer than 30 samples and the confi -
dence bounds around the mean may not be suffi ciently tight 
for the purpose of the survey.  However, I would certainly 
argue against collecting 330 soil samples from the Meguma 
Supergroup, perhaps 40 would be adequate.  The choice ul-
timately belongs to the geochemist designing the survey, and 
the fi nancial resources and time constraints for the project.
 However, there is a more fundamental question that needs 
to be addressed, and that is the nature of the statistical 
distribution of As values in the Meguma Supergroup rocks 
and their overlying soils.  The key issue is whether one is 
dealing with background data from a normal-like distribution 
contaminated by outliers, or data from a lognormal distribu-
tion that encompasses extreme values.  In the former case, 
normal-like background data have been contaminated by 
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outliers from an epigenetic As-Au mineralization process 
that led to the formation of the gold deposits that have been 
mined in the Meguma host rocks.  In the latter case, the 
345.7 ppm As value is simply an extreme value of a continu-
um of values that vary from very low all the way to extreme 
values, possibly even greater than 345.7 ppm As.   The deci-
sion as to the form of the underlying statistical distribution 
has major implications.  For the situation where contamina-
tion by an epigenetic process is suspected a robust estimation 
procedure should be used, not a classical procedure, the re-
sults of which are demonstrated in Tables 1 and 2 above.  On 
this basis the calculation would indicate that between 35 and 
43 samples should be adequate, assuming the same robust 
procedure would be applied to the resulting data for presen-
tation, discussion and decision taking.  If, however, a log-
normal distribution is assumed for the Meguma Supergroup 
soils, and all relevant calculations are undertaken in loga-
rithms, it would be appropriate to use ‘classical’ estimators 
because extreme values are to be expected in a lognormal, or 
any other strongly positively skewed, statistical distribution.
 Table 3 presents the calculations for the soils overlying the 
Meguma Supergroup, robust estimates are not made as they 
are inappropriate if one accepts the hypothesis that the data 
are drawn from a lognormal, or approximately, lognormal 
distribution.

Table 3.  
Summary statistics for the Meguma Supergroup soils 
assuming a lognormal distribution.  Data Log base10 

transformed, antilogged values in brackets.

As (ppm) in soil
Mean (Geom. Mean)

1.392 (24.66)
Std. Deviation (SD)

0.4218
CV%
30.30

 This estimate can now be used to estimate the number 
of samples that might be adequate under the assumption 
of lognormality.  For the normal (arithmetic) examples a 
10% tolerance was assumed.  For the critical level of the 
CCME Soil Quality Guideline of 12 ppm, where decision 
taking is most critical, that results in a ±1.2 ppm tolerance 
band.  However, for a lognormal distribution the tolerance 
band converted back to the arithmetic scale the bounds are 
asymmetric.  Thus a 10% tolerance at 12 ppm translates to 
9.4 to 15.4 ppm; these could be considered too wide, whereas 
a 5% tolerance results in bounds of 10.6 and 13.6 ppm.  On 
this basis it would be more appropriate to estimate required 
sample size for a 5% tolerance level for comparison between 
the two distributional models.  The addition of the result for 
a 5% tolerance bound for the lognormal model is shown with 
the classical and robust estimates in Table 4.
 From Table 4 it can be argued that a sample size of some-
where between 35 and 43 should be adequate to estimate 
the statistical properties of the soils overlying the Meguma 
Supergroup rocks and achieve suitable tolerance levels at the 
decision-critical CCME Soil Quality Guideline level of 12 
ppm As.  The selection of a sample size of 40 would satisfy 
both models, ‘epigenetically’ contaminated normal-like and 
lognormal for the As distribution, and lead to reasonable 

confi dence bounds on the estimated mean/median and geo-
metric mean.

Table 4. 
 Number of soil samples required to achieve a 10% tolerance 

level for the assumption of a contaminated normal 
distribution, and a 5% tolerance level for the assumption of 

lognormality

Over Meguma (Normal)
Over Meguma (Lognormal)

CVClassical

328.15
36.72

CVMAD

34.54
CVIQR

42.46

 My own bias is to assume that the ‘Over Meguma Super-
group’ data are drawn from an approximately normal back-
ground population that has been contaminated by As from 
an epigenetic process associated with the formation of the 
Au-As vein systems in the Meguma host rocks.  For that rea-
son I believe the use of a robust statistical procedure is desir-
able for estimating population statistics, with the median and 
MAD being the obvious choices.
 I argue that Stanley’s new procedure can be improved by 
the application of robust estimators that would better focus 
on the properties of the background distribution, rather than 
base a decision on a data set contaminated by outliers from 
geochemical processes other than background.  Clearly the 
‘outlier’ in the sample size estimates, assuming a contami-
nated normal-like background distribution (Table 2), is that 
for classical estimation procedures applied to soils overlying 
Meguma Supergroup rocks.  This demonstrates the vulner-
ability of decisions based on classical statistical procedures 
when dealing with the reality of natural processes and the 
presence, in this case, of just one outlier.  As Rocke et al. 
(1982) asked, “Are robust estimators really necessary?”, I 
would answer a loud, “Yes”, and think of the amount of time 
and fi nancial resources that would be saved.

Parting comments
 Firstly, the coeffi cient of variation is a very useful summary 
statistic, expressing the variability of a data set relative to 
its central tendency, median or mean, see, for example, the 
discussion by Koch and Link (1971).  During the early days 
of the National Geochemical Reconnaissance (ca. 1980) it 
was noted that high non-robustly estimated, i.e. mean and 
standard deviation based, CVs, >70%, indicated the pres-
ence of diverse geochemistry refl ecting complex geology and/
or the presence of mineral occurrences as the estimates were 
strongly infl uenced by positively skewed distributions and 
outliers.  As such, these CVs were useful screening tools for 
geochemical data subdivided by source lithological unit or 
some other criterion, identifying areas that deserved addi-
tional interpretive attention (Garrett et al. 1980).
 Lastly, geochemical data are spatially correlated, samples 
collected closer together tend to be more geochemically 
similar than those collected farther apart.  Spatial correlation 
issues fall within the study of regionalized variables and the 
practice of geostatistics, which I leave to those knowledgable 
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in the art.  A recent example of a regional-scale soil study 
that took regionalized variability into consideration is the 
work of Grunsky et al. (2010).  The impact for those collect-
ing samples from a small area for an environmental study 
is that the true variance appropriate for the whole extent of 
a sampled media will likely be underestimated.  Therefore, 
care has to be taken in extrapolating locally generated infor-
mation to other generally similar areas to estimate just “how 
many samples should be enough” to satisfactorily sample 
a larger area.  To use a geostatistical term, one should not 
extrapolate beyond the ‘support’ that the data in hand pro-
vide; which takes us back to where we started, proper sample 
design planning to meet the objectives of a survey.
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Regional Councillors’ Reports

Current Status of Applied Geochemistry 
Research in Africa

Introduction
 Africa  hosts   about  30% of  the  planet’s  mineral  re-
serves,  including  40%  of  Au,  60%  of  Co  and  90%  of  
the  world’s  PGM  reserves.  Yet, the  continent  remains  
grossly  underexplored,  a  fact  that  can  largely  be  at-
tributed  to  the  lack  of  analytical  capacity  as  well  as  a  
dearth  of  skilled  manpower  to  effectively  run  exploration  
programmes.  Effi cient  application  of  Applied  Geochem-
istry  techniques  is  also  vital  in  addressing  problems  of  
pervasive  air-,  soil-  and  water  pollution,  including  solid  
waste  and  mine  waste  water  management,  and  climate  
change.  A  few  indicators  that  can  be  used  to  assess  the  
status  of  Africa’s  analytical  capacity  as  it  relates  to  Ap-
plied  Geochemistry  output,  can  be  given  by:

1. The  number  of  research  articles  appearing  in  lead-
ing  Applied  Geochemistry  journals  during  the  pres-
ent  decade  (e.g., Applied  Geochemistry;  Journal  of  
Geochemical  Exploration;  Geochemistry:  Exploration,  

Environment,  Analysis;  Environmental  Geochemistry  
and  Health)  by  authors  living  and  working  in  Africa  
(always  less  than  10%  annual  turnover);

2. The  number  of  editorial  board  members  of  journals  
such  as  those  referred  to  in  (1)  above,  who  are  liv-
ing  and  working  in  Africa  (always  less  than  10%  of  
the  total);

3. The  number  of  participants  living  and  working  in  Af-
rica,  who  attended  key  Applied  Geochemistry  meet-
ings  this  decade,  such  as the  “AAG  Fredericton  Con-
ference  in  June,  2009”,  “Geoanalysis  2009  in  South  
Africa  in  September,  2009”,  and  the  “Goldschmidt  
Conferences”  (always  less  than  10%); 

4. The  number  of  higher  degree  graduates  in  “Applied  
Geochemistry”  from  African  tertiary  institutions  (al-
ways  less  than  10%  of  world  total); 

5. Participation  by  African  students  at  international  
training  courses  on  Applied  Geochemistry;  and

6. The  number  of  African  students  who  took  part  in  
sponsored  student  paper-prize  competitions  during  
this  decade.


