
Research Articles Experientia 47 (1991), Birkh~iuser Verlag, CH-4010 Basel/Switzerland 221 

It is likely that these combined efforts will become deci- 
sive for formulation of future receptor models, which 
might better match all the experimental evidence than the 
contemporary schemes. 
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Summary. Significance limits are proposed as an alternative to the use of standard deviation, standard error, or 
confidence or tolerance limits when experimental data are presented in a graphical form. This measurement of 
uncertainty allows graphical t-tests to be used both for the estimation of data variance and for an approximate 
statistical comparison between two or more data sets. 
Key words. Uncertainty limits; error bars; graphical t-test; significance limits. 

Graphical representations are used in all areas of experi- 
mental science as an efficient tool for comparing two or 
more data sets. Over the past years, the new approach of 
exploratory data analysis (EDA)1 has elevated data visu- 
alization to the status of an accepted statistical tech- 
nique. Also, because of the increasing availability of 
computers, graphical representations have become more 
feasible. Since the values of the means or medians do not 
by themselves give enough information for the compari- 
son of data sets, it is essential that they be accompanied 
by an appropriate measurement of uncertainty. EDA 

proposes the characterization of data sets graphically by 
medians, hinges, quartiles, and depth. This allows the 
representation of many features of a set, such as amount 
of spread, symmetry, and the presence of outliers. How- 
ever, this representation, and also all classical uncertain- 
ty ranges (standard error, confidence limits, standard 
deviations, and tolerance limits), do not permit statistical 
differences between data sets to be inferred from the 
graphical representations alone. 
Figure I shows the individual values, the means, and a 
variety of representations of uncertainties in increasing 
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Figure 1. The significance limits of three normally distributed random 
samples of size 20 (described in the table) are compared with the individ- 
ual data, the standard errors, the confidence limits, the standard devia- 
tions and the tolerance limits as represented by ranges above and below 
the sample means. These uncertainty values are expressed in the formulae 
below the bars 7 as functions of the standard deviation s, the sample size 
n and the t-test ratio t. The significance criterion is e = 0.05, and the 
degree of freedom v = n -  1. Whether the ranges defined by the signifi- 
cance limits overlap or not reflects the result of t-tests at the selected 
significance criterion, as shown in the table, a property which cannot be 
attributed to the other uncertainty measures. 

order for three sets of  20 data points generated by a 
normal distribution random value generator 2. The sets 
have the means and standard deviations listed in the 
figure. Also listed are t-test results, considering non-ho- 
mogeneous standard deviations 3. The individual data 
are shown on the left of figure 1. The first bar-cluster 
shows the smallest and, maybe for this reason, most 
popular uncertainty representation, the standard error, 
indicating the standard deviation of the mean. The intu- 
itively obvious action when studying such a graph is to 
estimate the differences between the means from the 
overlap of the ranges defined by the standard errors. The 
fact that none of these ranges overlap would suggest that 
all the data sets may be considered as statistically differ- 
ent. This is not in agreement with the t-test, which shows 
a lack of significance at the e = 0.05 level for the compar- 
ison between sets 2 and 3. 
Confidence limits, represented in the third bar-cluster, 
are proposed by many statisticians as being the least 
biased uncertainty measurement. A confidence limit de- 
fines a range within which the mean of the data sample 
lies with a confidence of 95 %, or alternatively, the mean 
of  the sample is statistically different from any fixed 
value outside this range. This example suggests, again 
considering the overlapping characteristics of the ranges, 
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that only sets 1 and 3 are statistically different. This 
conclusion is again not in agreement with the t-test, 
which indicates that sets 1 and 2 are also different at the 

-- 0.05 level. Checking the location of the mean of one 
sample with respect to the confidence limit of another 
sample, a procedure which corresponds more closely to 
the definition of the confidence limit, may reveal incon- 
sistencies as demonstrated by samples 2 and 3: the mean 
of sample 3 is outside the range defined by the confidence 
limit of sample 2, but the mean of sample 2 is within the 
range defined by the confidence limit of sample 3. 
The standard deviations and tolerance limits (limits 
which contain 95 % of the values of an inferred normal 
distribution), represented in the two last bar-clusters, 
suggest that none of the comparisons reach statistical 
difference; this is also in contradiction to the t-test re- 
sults. These two uncertainty measures are well suited for 
a characterization of the individual data samples, but are 
no help for estimating the differences between the sample 
means. 
For the purpose of being able to infer statistical differ- 
ences between two or more data sets in graphical data 
representations, a new measurement of uncertainty is 
defined, which we call the significance limit z. The signif- 
icance limits define a range above and below the mean 
which excludes all significance ranges of other data sets 
with the same size and variance, which are significantly 
different from the original data set at the c~ = 0.05 level. 
The test ratio for a t-test of two data sets of equal sample 
size and variance has the formula: 

d 
t -  

where d is the difference between the means, s the stan- 
dard deviation and n the sample size common to the two 
samples. The significance limit z of a single data set, 
defined as half the difference d of two samples with a 
value of t corresponding to the significance level c~, and 
the degree of freedom of 2v = 2 n - 2 ,  is thus calculated 
a s :  

s . t ~  
- c -  

As can be seen from the second bar-cluster in figure l, 
which shows significance limits at the e = 0.05 level, the 
overlapping characteristics of the significance limits of 
the three random samples correspond precisely to the 
t-test results at the same level. 
Figure 2 shows the ratios between the significance limit 
and the other uncertainty limits as functions of the sam- 
ple size. The significance limits belong to the same class 
as the standard error and the confidence limits, since the 
ratio between the uncertainty measurements tends to a 
constant as the sample size increases (the significance 
limit tends to zero with increasing sample size). As can be 
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Figure 2. The ratios between the significance limits and other uncertainty 
limits expressed as functions of the sample size. A value larger than one 
signifies that the labelled uncertainty is smaller than the significance limit. 
The formulae express the ratios as displayed. 

Addi t ional  caut ion in the interpretat ion of  the graphical  
readings is manda to ry  in cases with unequal  variances or 
unequal  sample sizes. As already mentioned,  significance 
limits are defined with the assumption that  the variances 
and sizes o f  all samples are equal 5. The error  under  other  
condit ions may  be est imated by calculating the true sig- 
nificance level of  two sets whose significance ranges 
touch. In this case, the graphical  t-test would imply that  
p = 0.05, whereas a correct t-test would show that 
p _> 0.05. In figure 3, true t-test probabil i t ies  3 are plot ted 
as functions of  the rat io between the s tandard  deviations 
of  two equally-sized samples. Fo r  very small sample 
sizes, the error  in the probabi l i ty  p increases rapidly as 
the s tandard  deviat ion rat io  moves away from one. Fo r  
larger sample sizes, the error  stays at a tolerable level if 
the rat io is between 0.5 and 1. This inference error  is of  
the same order  of  magni tude as the one which occurs 
when a simple t-test (which does not  take into consider- 
a t ion variance inhomogeneity)  is done for two samples 
with unequal  variances. Notwi ths tanding that  one of  the 
basic requirements for using significance limits is not  
fulfilled in the example of  figure 1 (equality of  the stan- 
dard deviations), the error  bar  magnitudes par t ia l ly  com- 
pensate for this fact and  reflect quali tat ively the t-test 
results. 
The significance limits as defined above have been used 
in several publicat ions 6. in  all cases they allowed quite 
accurate graphical  t-tests, rendering the use of  addi t ional  
symbols (such as stars) for the indication of  significances 
superfluous. Nevertheless, correct statistical analyses (t- 
tests, Wilcoxon tests, ANOVA etc.) were also performed,  

seen from figure 2, the behavior of  the ratio at low sam- 
ple sizes is quite interesting. Taking a sample size of  4, the 
s tandard  error  is only little more than half  of  the signifi- 
cance limit, while the confidence limit is almost  twice the 
significance limit. Thus, the significance limit may also be 
regarded as a true compromise  between the s tandard  
error  and the confidence limit. 
I t  is impor tant  to insist on the fact that  the use of  signif- 
icance limits in graphical  representations does not  re- 
place a correct statistical analysis. Especially multiple 
graphical  comparisons may only be interpreted correctly 
after having done, for example, a one- or a mult i-way 
ANOVA (if the ANOVA resulted in a significant effect 
the graphical  significances may be used, e.g., for the de- 
terminat ion of  a 'no statistical effect level' in a dose- 
response relation). Other authors  propose  graphical  
Mult iple Compar ison  Procedures which take into ac- 
count the number  of  possible comparisons  4. To our 
knowledge these techniques, which are not  context-inde- 
pendent,  have never been used in common graphical  rep- 
resentations. The definition of  significant limits as pre- 
sented here is less sophist icated but  much easier to 
unders tand and simpler to use if the rules of  good statis- 
tical practice are respected. 
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Figure 3. The correct significance levels for different sample sizes n as 
functions of the ratio between the standard deviations of two samples 
which are estimated from graphical t-tests to be just significantly different 
at the ~ = 0.05 level. 
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and they generally corresponded to the graphical read- 
ings. Thus, significance limits are a useful tool for graph- 
ical data representations, since they indicate the statisti- 
cal uncertainty of a value, and also allow approximate 
statistical comparisons between two or more data sets. 
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Summary. In A1C13-injected shell-repairing snails, Helix pomatia L., the Al-associated decrease of the weights of the 
shell-repair membranes was unrelated to the Al-concentration in the membranes. In the haemolymph the concentra- 
tion of A1 was related to the dose of injected AI, while the concentration of Ca was increased by the highest Al-dose 
only. No phosphate was detected in either controls or Al-injected snails. It is concluded that A1 inhibits the growth 
of the CaCO3-crystals by mechanisms other than incorporation in, or adsorption to, the crystals. 
Key words. Aluminium; snail; shell-repair; calcium; phosphate. 

Aluminium (A1) has been shown in laboratory investiga- 
tions to affect the process of shell-repair in the snail Helix 
pomatia L. Both the weights and the relative calcium 
concentration in the shell-repair membranes are reduced 
in snails injected with A1C131. These effects resemble 
those recorded in the skeletal bones both from patients 
suffering from the Al-associated syndrome of dialysis 
osteomalacia and from Al-treated experimental ani- 
mals 2- 4. Aluminium has furthermore been demonstrat- 
ed to inhibit the calcification of demineralized shell-re- 
pair membranes in vitro, and to reduce the formation of 
calcium carbonate (CaCOa), the mineral found in the 
shell of the snail, in a pure physical-chemical system 5. 
Similar effects of A1 have also been reported concerning 
the in vitro formation of calcium phosphate 6.7. Alumini- 
um possibly interferes with crystal growth by adsorbing 
to the crystal surfaces. The presence of A1 in the lower- 

weight repair membranes of the Al-injected snails thus 
indicates a direct effect of A1 on the growth of the 
CaCO3-crystals, while the absence points towards an in- 
direct mechanism. 
Aluminium is also known to interfere with phosphate 
metabolism 3, 8. Energy-requiring processes like the pro- 
duction of the organic matrix of the repair membrane 
and the transport of ions across the mantle epithelium 
(see Watabe 9 for a review of the shell-repair process) 
may thus be affected. A disturbed phosphorus me- 
tabolism in the Al-treated snails might be detected as a 
reduced concentration of inorganic phosphate (Pi) in the 
haemolymph. 
The induction of acidosis, e.g. by the injection of an 
acidic solution, increases the Ca-concentration in the 
haemolymph lo. Elevated Ca-concentrations in animals 
injected with A1C13, which is an acidic solution, thus 


