
Chapter 1 
-D SC I -ng a Pop la ion
 

Figure Ll A fish pOI ulntion is samp led )y seining . 

N RODUCTION 
Ecology is the ambitious attem pt to understand life on a grand scale. We know that the mech ani cs of the 
livi g world are too vast to see from a . ingle vantage point, too grad ual to observe in a single lifetime, and 
too complex to cap tu re in a single I1Mr' tive. This is why ecology has always been a qu antitative discipline. 
Measurement em powers ecologi sts because our measuring ins trume n ts extend o ur senses, and numeri cal 
records extend our capacity for observation . With measurement data, we Can compare the grow th rates of 
trees across a contin en t, th rough a series of envir onment al conditions, or over a p er iod of years. Im agine 
trying to compare from memory the water clarity of tw o streams located on different con tinen ts visited in 
separate years, and yOll can easily ap preciate the val Ie of me asurem ent. 

Numerical data ex ten t ou r capacity [or judg nen t too. Since a s trea m runs muddier after a rain and clearer 
in period s of dro ught, how cou ld you possibly wade into two streams in diff erent seaso ns and hope to 
develop a valid comparison? In a wor ld characterized by change, data sets provide reliability unrealized 
by single observations. Quan itarive concep ts such as averag 5, ra tios, variances, and p robabilities reveal 
ecological pattern s that Wa ll d otherwise remain unse .n and unknowable. Mathem atics, more than any 
cleverly crafted lens c r dete tor, ha s opened our w ind VI,' on the un iverse. It is not the int ention of this text 
to sh owcase ma th for i s own saxe, but 'we will take measuremen ts and mak e calcula tions becau se this is 
the simplest an d most powerful \'I-'ay to examine populations. communities, and ecosystems. 
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Sampling 
To dem on strate the power of quan tita tive description in ecology, you will use a series of measurements 
and calcul at ions to characterize a population. In biology, a po pulation is defined as a gro up of individuals 
of the sa me spe cies living in the sa me place and time. Sta tis ticians ha ve a more gene ral definiti on of a 
population, that is, all of the members of any gro up of people, orga nis ms, or things under investigation. 
For the eco log ist, the biological p opulat ion is frequently the subject of inves tigation, so ou r biological 
population can be a sta tistical population as we ll. 

Think abou t a p opulation of red-ea r sunfish in a freshw ate r lake. Since the population's me mbers ma y 
vary in age, phys ical condi tion, or gene tic characteristics, we must obse rve more than one representative 
before we can say much ab out the sunfish p opulation as a group . When the population is too large to 
catch every fish in the lake, we mu st se ttle for a sample of ind ividuals to rep resen t the who le. This poses 
an interesting challenge for the ecologist: how man y individuals mu st we observe to ens ure that we have 
ade qua tely addressed the variation that exists in the entire po pulation? How can this sample be collected 
as a fair representat ion of the whole? Ecologists try to avo id bias, or samp ling flaws that overre presen t 
individuals of one type and underrepresent othe rs. 1£ we caught ou r sample of sunfish wi th baited hooks, 
for exa mple, we might se lective ly cap ture ind ivid ua ls lar ge enough to take the bait, while lea ving out 
smaller fish . Any es tima tes of size or age we made from this biased sample would poorly represent the 
population we are trying to study . 

After collecting our sample, we can measure each individual and then use these measurem ents to develop 
an idea about the populati on. If we are int erested in fish size, we could mea sure each of our captured 
sunfish from sno u t to tail (Figu re 1.2). Rep orting eve ry sing le measurem ent in a data tabl e would 
be truthful, but no t very useful, because the human mind cannot eas ily take in long lists of numbers . A 
m or e fruitfu l ap proach is to take all the measurem ents of ou r fish and systematica lly cons tru ct a 
composite numeric al description, or statistic, which conveys in formation abou t the p opulation in a more 
concise form . The average length (also called the mean length) is a familiar way to represent the size of a 
ty p ical ind iv id ua L. We mi ght find, for instance, that the mean len gth of sunfish in th is lake is 12.07 
cen time ters , based on a samp le of 80 nett ed fish. The symbo l 1-1 is u sed for th e mean of all fish in the 
population, which we are trying to es tima te in ou r s tu dy. The symbol x is used for the mean of ou r 
sample, which we hop e to be close to ,U. 

Figure 1.2 Measuring len gth of red-ear s unfish . 
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Means are useful, but they can be misleading. If a population were made up of small one-year-old fish and 
much larger two-year-old fish , the mean we calculate may fall somewhere between the large and small 
size classes-above any of the small fish , but below any of the large ones . A mean evokes a concept of the 
"typical" fish, but the "typical" fish may not actually exist in the population (Figure 1.3). 
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Figure 1.3 The calculated mean describes a "typical" fish that do es not actually exist in a population 
composed of two size classes. 

For this reason, it is often helpful to use more than one sta tistic in our description of the typical member of 
a population. One useful alternative is the median, which is the individual ranked at the 50th percentile 
when all data ar e arranged in numerical order. Another is the mode, which is the most commonly 
observed length of all fish in the sample. 

Picturing Variation 
After calculating statistics to represent the typical individual, it is s till nec essary to consid er variation 
among members of the population. A histogram is a simple graphic representation of the way individuals 
in the population vary . 

Check your progress: 

If you wanted to determine the average height of students on your campus, how would you select a 
sample of students to measure? 

Hint: Avoid s tat is tical bias by making sure 
every student on campus has an equal chance 
of inclu sion in the sample. 
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To p rod uce a histogram: 

1.	 Choose a measurement variable, such as len gth in our red- ear sunfish . Assume we ha ve collected
 
80 sunfish and measured each fish to the nearest millimeter.
 ,.

2.	 On a number line, mark the longest and shortes t measurements taken from the population (Figure 1.4).
 
The distance on the number line between these poin ts, determined by subtracting the smallest from the
 rlargest, is called the range. In our example, the longest fish measures 16.3 ern, and the shortest fish 
measur es 8.5 em, so the range is 7.8 cm. .. 

Range = 16.3 cm - 8.5 em = 7.8 ern 
1_	 _ _ _ _ _ _ ________ _ _ ___ ___ ___ _ _ _ _ I ... 

8.5 ern	 16.3 em 

Figure 1.4 Num ber line indicating ran ge. 

3.	 Next, divid e the range into eve n ly spaced di vision s (Figure 1.5). In our example, each division of
 
the number line represents a size class. It is cus tomary to use between 10 and 20 size classes in a
 
h istogr am. For our example, we will di vid e the range of sunfish sizes in to 16 un its of 0.5 em each.
 
The firs t size class includes fish of sizes 8.5 through 8.9 em . The next size class includes fish of sizes
 
9.0 throu gh 9.4 em, and so forth to the last size class, which includes sizes 16.0-16.4. 

1_ 1_ 1 I l-l I __1_ -1-_I -'---I _ 11 I_I_--l_1

8.5 9.0 9.5 10.0 10.5 11.0 11.5 12.0 12.5 13.0 13.5 14.0 14.5 15.0 15.5 16.0 16.5 

Figure 1.5 Num ber line div ided into size classes of 0.5 cm. 

4.	 Having es tablished these size classes, it is possib le to look back at our meas uremen t da ta and
 
cou n t how many fish fall into each class . The numb er of individuals falling w ithin a class is the
 
frequency of that class in the population . By representing each measurem ent with an X, as shown
 
in Figure 1.6, we can illu strate frequen cies on the number line .
 

5.	 On the completed hi stogr am illustrated in Figure 1.7, the stack of X-marks is filled in as a ver tica l
 
bar. The height of each bar rep rese n ts the prop ortion of the en tire population that falls within a
 
given size class.
 

Check your progress:
 

In the sample described by the histogram (Figure '1.7), how many fish measured between 10.0 and 10.4 em?
 

A nswer : 4 
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Length of Red-ear Sunfish (em) 

Figure 1.6 Counting frequencies. 

Figure 1.7 Histogram of fish lengths. 
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Describing the Pattern of Variation 
Noti ce th at in our samp le hist ogram, the most commo n size classes are near the middle of the distribution 
(Figure 1.7). Extremely large and ex tre mely small fish are rare, w hile int ermediate sizes are m ore commo n. 
Th e "sky line" of the hi stogr am fits und er a bell-shaped curve that is symme trica l, and h as cha rac teris tic 
ro un de d "sh oulders" and " tails " th at taper to the ends of the range in a p redictab le w ay. Stat ist icians call 
this sh ape a normal distribution (Figure 1.8). 

Figure 1.8 Normally distributed data. 

1010.51111 .51212.51313.51414.51515.51616.5 

Length of Red-ear Sunfish (em) 

This pattern of va ria tion is common in nature, and is enco untered quite often w hen one effect is influenced 
by many independently ac ting causes. Since size in fish is influenced by temperature, diet, water purity, and 

m any othe r factors, it wo uld not be 
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Figure 1.9a Normally distributed data. 
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surprising to fin d that sizes of fish in a 
mi xed-age popula tion are normally 
distributed. Because the normal distribution 
is encountered so commonly, many of the 
sta tistical tools ecologists use to test 
hypotheses assume that varia tions in their 
data are distributed in this bell-shaped •form. Models and tests based on this kind of 
distribution are called parametric statistics . • 
If the histogram of var iation is lopsided , •ha s mo re than one peak, or is too broad or 
too naITOW, then parametric tests should 
not be used (Figu re 1.9). Non-parametric 
tests have been developed for these kind s 
of data. Because the nature of variation in 
your measurem ents is cri tical to further 
analysis, it is always a good idea to draw a 
histogram and compa re your data to a 
normal distribution before takin g your 
ana lysis any farth er. 
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Measuring Variation 
How trustworthy is the mean that we calculate from our sam ple of fish ? Two factors come into play . First, the 
sample size is critica l. 1£ fish in the lake va ry a lot in size, a mean caJC1..ila ted from a sma ll sample (say 10 fish) 

might be significan tly off the mark. By 
Figure 1.9b Bimodally distributed data.	 chance, the 10 fish yOll caugh t might be 

larg er or sm alle r than th e average 
p opula tion size yo u a re trying to 
d escribe. If the samp le is expand ed to 
1000, it is much m ore likely that yo ur 
calculated m ean w ill ac curately reflect 
th e p opulation av erage. A fundamental 
principle of data collection is that the 
sample size must be large enough to 
eliminate sampling errors due to chance 
departures from the population mean. To 
keep our th oughts s traig h t, w e use n = 
size of the sam p le, and N = size of the 
entire population. N is u sually 
unknown, bu t can b e es tima ted in a 
number o f ways. (See Chap ter 4.) 

H ow large, then , must a samp le be? 
Th is d epends o n th e amount of 
v ariation in th e p opulation . Samples 

8 8.5 9 9.51010.51111.5121 2.51 31 3.51414.51 515.516 16.5 tak en from a fish farm where all th e 

Length of Red-ear Sunfish (em) fish are nearly th e sam e size will give 
reliable estima tes , even if th e sam ple is 

sma ll. In a natural p opulation with a grea t range of sizes, th e sam ple has to be expan de d to ens u re that the 
larger variation is ac counted for. Thus, the more variable the population, the larger the sample must be to 
achieve the same level of reliability. It becomes obv ious that we need a s ta tis tic to m easure varia tion . 

To measure the am ount of variation 
Figure 1.9c Skewed data. aroun d the mean, we use a s tatistic call ed 

the standard de viation (abbreviated 
s.d.) , To distinguish between our samp le 
and the entire pop u la tion, we define s = 
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the standard deviation of the sample, 
and a = the standard deviation of the 

12 

14 

whole population . The standa rd 
deviation is expressed in the same units 
as the origin al measurements, which 

>. 10 
C,,) wo uld be em in our hypotheti cal fish c 
(1) 

stu dy. A standa rd deviation can thus be ::J 8 
0
Ol shown as a porti on of the range On a... 

LL. number line. In normall y di stributed 
pop ulations, 95% of all individuals fall 

6 

within 1.96 standard deviations from tile 
mean. Thi s means that the X-axis of a 

4 

histogram can be marked off in four 
standard deviati on units (tw o above the 
mean, and two below), and rou ghly 95% 
of the obse rva tions will fall w ithin that 
region (Figure 1.10). 

2 

Length of Red-ear Sunfish (em) 
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Figure 1.10 Standard deviations.	 To calculate the size of a standard 
deviation, it is actually easier first to fJ
calculate a related statistic called the 
variance. The variance is the square of •the standard deviation, so we use S2 = the

-2 s.d, -1 s.d. X +1 s.d. +2 s.d. sample variance, and er = the popula • 
11tion variance. Calculation of the variance 

is based on the difference between each 
observation and the mean. If all these 
differences are squared, and we calculate • 
an average of the squared values, we have 
the variance. (See Appendix 1.) It is good 
to remember that the units on variance are •
the original measurement units squared. 
If we measure length in em, then the 
sample variance is reported in em" In 
calculating standard deviations, we take 
the square root of the variance, which 
returns us to our original measurement 

88.599.51010.51111.51212.51313.51414.51515.51616.5 units.which is length in em. 

Length of Red-ear Sunfish (em) 

and 

s ~ sample s.d. a ~ population s.d. 

S2 ~ sample variance er ~ population variance 

Check your progress:
 

If the standard deviation of a population is 9.5, what is the population variance?
 

Answer: 90.25 

Confidence Intervals 
There is one more statistic that you will find useful when characterizing the typical sunfish in your 
population with a mean. Incorporating sample size and variation, you can develop a measure of reliability 
of the mean called the standard error (S.E.L 

Assume there are 25 people in your ecology class . Each of you goes to the same pond sometime this week, 
pets a sample of sunfish in the same way, and measures 100 randomly selected individuals. Releasing the 
fish unharmed, you return to the lab and calculate a mean and standard deviation from your data. 



9 Chapter 1 Describing a Population 

Ever yone else d oes the sa me . Would your 25 samp le means be identical? No, but the var ia tion in means 
wo uld be cons ide rably sma ller than the total va riation among the fish in the pond. Rep eating a sampling 
program 25 tim es is usually impractical. Fortunately, statis tics gives us a way to mea sure reliability w hen 
we ha ve on ly one mean developed from one sample. The va riation amo ng all possibl e sample m eans can 
be p redicted from the sample size and the var iation in the pond's sunfish w ith the following formula: 

looking at the formula, you can see the rela tionship 
between error in our estimate, the variability of sun fish, and S.£. s/~ 
the sample size . The sma ller the S.E. is, the more trustworthy 
your calcula ted mean. Note that the sample standard 
deviation is in the numerator of the calculation, so the more 

S.E. = standard erro r of the mean variable the size of the fish, the less accura te the estimate 
you m ade from a random sample. Sample size, on the other s = standard deviation of sample 
hand, is in the denominator. This implies that a lar ge sample n = samp le size 
ma kes your mean mor e reliabl e. The form ula shows that the 
more vari able the population, the larger our sample mu st be 
to hold S.E. to an accep tably small margin of error. 

Since standa rd errors tend to be n ormally distributed, it is a safe assumption that 95% of the variation in 
all po ssible means w ill fall within 1.96 S.E. of the actua l mean. This fact can be used to calcula te a 95% 
confidence int erval as follows: 

95% Confidence interval = x ± 1.96 S.E. x = sample mean 

S.E. = standard error 

Check your progress: 

Calcula te the 95% confidence interval for a mean of 14.3, derived from a sam ple of 25, w here the 
standard deviation is 4.2. Wha t are the upper and lower limits? 

Answer: 12.65 to 15.95 

To go back to our number line, the confidence in tervals can be represented by brackets around the sample 
mean. A 95% confide nce interval implies that the actua l population mean (p) will fall within the brackets you 
have placed aro und your estima te (x) 95% of the tim e und er these experimental cond itions (Figure 1.11). 
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The importance of confi dence limits canno t be ove rs ta ted . Scientifically, it is dish on est to rep ort a sample 
mean by itself. Without sha ring wi th your reader s the sampling meth od s, sample size, and the variability 
of the population , there is no way for them to know how accurate ly the sample mean rep resents the 
population . Always report sample size with a mean, and add some measure of variation. Any of the statistics 
represen ting va ria tion (s, S2, or S.E.) can be repor ted, since anyone of these can be used to calcu la te the 
othe r two. 

Figure 1.11 95% Confidence interval. 
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METHOD A: SEED WEIGHTS IN LEGUMES 
[Laboratory ac tivity] 

Research Question 
How does a po pulation of bean seeds va ry in weight around the typ ical individual? 

Preparation 
At a grocery or health food store, find uncook ed dried beans of seve ral typ es. Bags of approxima tely on e 
pound are id eal. Lima beans, p int o bean s, navy bean s, and grea t northern bean s are goo d varieties to 
choose fro m . If possible, bu y unsort ed bean s; these best represent the population in the field. 

Materials (per laboratory team) 
J-pound bag of bean s (Differen t team s can use different var ieties.)
 

Analytical balance or electron ic balance sens itive to 0.01 g (.001 g is preferable).
 

Plas tic weighing tra y, as large as the bal an ce w ill accommodate.
 

Electronic calculator
 

http:88.599.5
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Procedure 
1.	 Recognize that each seed i ll YOllr bag is a living organism, harvested from a ma tur e pop u lation of 

ann ua l plan ts. 1£ sp routed and allowed to mature, these seeds would produce a pop ulation of bean 
plants. Seed w eight is of obv ious inte rest in cultiva ted pl an ts like beans, but is also biolog ically 
importan t in wild plants, becau se seed weight affec ts the distribution , grow th rate, and 
survivo rship of the seedling. (For example, see Rees, 1995.) Since the matern al plant must expend 
more resources to p roduce lar ger seeds, pl ants making larger seeds cannot produce as many. In 
most pl ant spec ies, the tradeoff between la rger seeds vs. more numerous seeds is influe nced by 
gene tics, subject to natural sele tion, and varying from one pl ant typ e to an other . Identifyin g 
mean an d variance for seed weights L therefore a biologically important description of 
reproductive s lrategy in a plant population. 

2.	 Develop a sampling plan. Your sample size will be 80 beans- If you were to cut the bag open and tak e 
onl y the beans on top , wo u ld your "gr0b sample" represent the pop ulation fairl y? If large r and 
smaller beans settled d ifferently during shipme n t, thi s approach might result in a bi ased sa mple. 
Spreading beans ou t on a lab bench , mi xing them to randomize your sample, and se lecting a 
sa mple of 80 closest to your side of the bench is a much bett er w ay to ens ure that your sample is 
random. 

3.	 Weigh and record observa tions. Weigh each of the 80 beans in your sample . Ho w accura te is you r 
balance? To simplify your da ta ana lysis , record weights in milli grams. (For example, rath er than 
0.087 g, record 87 mg. If yo ur balance measu res only to two d ecimal places, record 0.09 gas 90 mg. 
Ent er your measurem ents on the calculation page at the end of thi s chap ter. 

4.	 Produce a histo;-.:.rarn. Follow ing the exam ple in the intro duc tion, p roduce a histogr am of seed 
weigh ts. 

5.	 Ca lculate descriptive statistics. Calculate a mean , stand ard d eviation , standard error, and confidence 
limits for this p opula tion , following the directions in the introduction and append ices . 

6.	 Interpret your data. What do es the hi stogram show abou t the varia tion of seed w eights in this 
spe cies? Answer the Qu estions for Discussion tha t follow the calcu lation page~ . Cons ide ring the 
way natural selection wo rks, wo u ld vou always expect symme trical frequency d is tribu tions of 
seed weights? 

7.	 Check your accuracy. Working with your lab partners, coun t every bean in the bag. Then weigh the 
whole p opulation by weighin g tllL' beans in a pla stic weighing tray and subtrac ting the we igh t of 
the tray. If yo ur ba lance cannot accommodate all th e beans a t once, di vide the population in to 
parts, weigh eac h part, and then su m the separate measurem ents. Divide the weight of the who le 
population by the number of bea ns in the popula tion to calculate the p opula tion mean. H ow d oes 
the pop ula tion mean compare with the sa mp le mean you calculated in step 3? Does the population 
mean fall w ithin the 95% confide nce interval s you calculated? 
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METHOD B: NEEDLE LENGTH IN CONIFERS r 
[Outdoor/indoor activity] 

r 
Research Question 
How do pine needles vary in length, within and among individual trees? 

Preparation 
Locate several p ine trees of the sa me spec ies . Need les of other con ifers may be used if they ha ve needles 
long eno ugh to be measured with a mm ruler. If stu de nts cannot collect needles themselves, pine bran ches 
can be collected elsewhere, or "pine straw " can be obtaine d fro m garden sup ply firms. Laboratory team s 
can be lar ger if grea ter effo rt is requi red to collect and measure 80 needles. 

Materials (per laboratory team) 
Metric ruler , marked in mm 

Elec tron ic calculator 

,.Procedure 
1.	 Recognize that each needle is a plant organ, developing according to a genetic program influenced by local
 

conditions. A pine needl e performs the cri tically impor tant job of ph otosynthesis, prod ucing
 
che mica l ene rgy for the tree. A needl e's leng th may affect how well it functions . If the needl e is too
 
shor t, it may lack sufficient photosynthetic tissue to p roduce an ade quate supp ly of food. On the
 
othe r hand, needles tha t are too long ma y fail to tra ns port fluid s ade quate ly to the tip, or may
 
accu mula te too much ice and br eak limbs in the win ter. Limits on size and shape affecting the
 
performance of a biological trai t are called functional constraints, and they help exp lain w hy
 
man y spec ies ' char acteristics remai n within predictable ranges .
 

Although needles on the same tree might be expected to conform to a ge ne tically determined 
size, di fferences in leaf age , sun or shade, expo sure to wind, tempera ture, or moisture sup p lied 
throu gh a particular br an ch cou ld influence needle length. Within a tree, we can recogni ze man y 
sourc es of variation. Among a population of trees, the va riatio n is probably even lar ger becau se 
d ifferen t trees ha ve d ifferent genes , and p robably expe rience a broader r an ge of env iron me ntal 
cond itions . 

2.	 Develop a sampling plan. Your sample size will be 80 needles. If you have access to a grove or row of
 
p ine trees, sprea d out your needl e collection to include roughly equal numbers of needles from each
 
of the trees. A sampling p lan that includes the same number of needles from each tree in yo ur
 
research area is a stratified sample. Decide whe ther you will pull a needle from a live branch, or pick
 
a fallen needle from the grOLmd. Since p ine needles decay slow ly, they can be collected long after they
 
fall from the tree. If you collect live needles from the tree, w ill you always collect from a low branch,
 
or will you try to collect equal n umbers of needles from high, mid-height, and low branches?
 

Wh en collecti ng needles from pines (gen us Pinus) you will d iscover that their need les come in 
bunches. The brown collar of tissu e holding the bunch of needles together is actually a dwarf 
bran ch, called a fascicle. The number of needl es in a bunch is fairl y consisten t, and is useful for 
iden tification . For instance, the Eastern White Pine (Pinus strobus) typi cally has five needles per 
fascicle, while Red Pine (Pinus resinosa) has two. 
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Make a decision about which needle in the bunch you will measure. The longest one? A 
randomly selected one? What will you do if you encounter a broken needle? Whatever your 
method, it would be be st to measure only one needle per bunch, so that your data are not 
clustered into subgroups. Pull the needles apart carefully, so as not to introduce error by breaking 
the base, and measure one needle according to your predetermined sampling plan. 

If the population of pines on campus is not that large, collec t all your needles from the same 
tree. Recognize that this collection is not a population in the biological sense, SU1Ce only one 
individual produced all the needles. However, your collection is a population in the statistical 
sense, because you are measuring a sample of a much larger number of needles . Different lab 
groups can sample different trees so that you can compare your results. 

3.	 Measure lengths and record observations. Measure each of the 80 needles in your sample. How 
accurate is your ruler? Record needle lengths in mm on the data pages at the end of this chapter. 
Follow directions on the calculation page to produce a histogram of needle lengths and to calculate 
a mean, standard deviation, standard error, and confidence limits for this population. 

4.	 Interpret your data . What does the histogram show about the variation of needle lengths in this 
species? Answer the Questions for Discussion that follow the calculation pages. Think about the 
functional constraints on evergreen needles, and try to explain the distribution of sizes in 
biological terms. 

5.	 Check your accuracy. Compare your results with those of another lab group. Does the other group's 
calculated mean fall within the 95% confidence limits you calculated for your own mean? If not, 
how do you interpret the difference between the two estimates? If two groups sampled from the 
same tree, then significant differences in your calculated means might result from samp ling bias, 
measurement error, or calculation mistakes. If two lab groups sampled different trees, then the 
data may reflect real biological d ifferences between the two trees. 

CALCULATIONS (METHOD A OR B) 
1.	 Enter your 80 measurements (Xi) in the second column of the table, recording 20 measurements per 

page on each of the next four pages. You may wish to sp li t up this task, with each member of your 
team completing a page. 

2.	 Sum the measured values (seed we ight or needle length) for each page, and then complete 
calculation of the mean (x) in the calculation box at the end of the tables by adding totals from all 
four pages and dividing by the sample size (n = 80). 

3.	 Subtract the mean from each of the 80 measurements to obtain the deviation above or below the 
average. (Deviation from mean for sample i = d..) 

4.	 Square each deviation (di 
2

) . 

5.	 Add up all the squared deviations on each page, then sum the totals for the four pages to compute the 
sum of squared deviations (2-d2

) . 

6.	 Divide the sum of squared deviations by (sample size - 1) to calculate the sample variance (82
) . 

7.	 Take the square root of the variance to calculate the standard deviation (s). 
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Data (Methods A or B)-Page 1 

--- - - -
Squared 

Sample Measurement for Deviation deviations 
number (i) sample i [x.) (d;) (d j 

2) 

-
1 - (X) = /\ 2= 

2 -(x ) = /\ 2 = 
-- -

3 -(x ) = /\ 2= 

4 -(x)= /\ 2= 

5 -(x) = 1\2 = 

6 - (X) = 1\ 2= 

7 i -(x)= 1\ 2= 

8 I - (x )= 1\ 2 = 

9 -(x) = 1\ 2 = 
--

10 - (x ) = I 1\ 2= 

11 - (x)= 1\ 2 = I 
12 - (x )= 1\ 2 = 

13 -(x)= i 
1\ 2 = 

14 - (X) = 1\ 2= I 

i 
15 --(x)= 1\ 2= 

16 -( x)= 1\ 2= 

17 - (X) = 1\ 2= 

18 -( x ) = ! 1\ 2 = 

19 - (x ) = I 1\ 2 = 

20 - (x ) = 1\ 2 = 

Page 1 Sum Page 1 Sum of Squared Deviations 

L(Xi) = L(d;2) = 

•

•

•
 
t 

t 

f. 

f, 

•

•

•
 
t 

t 

•
 
,t 

,•
•


I 

tl ,
 ,
 
, ~ 

,
II

•
•

•
 
•
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Data (Methods A or B)-Page 2 

Sample 
number (i) 

21 

22 
f----- . 

23 

24 

25 

Measurement for 
sample i [x.) 

- (x ) = 

- (x ) = 

- (x ) = 

-( x)= 

- (x) = 

Deviation 
(d) 

-

1\2= 

1\2= 

1\2= 

1\2:::0 

1\2 = 

I 

Squared 
deviations 

(d j 
2) 

- -. 

--~ _. 

26 

27 

28 

29 

30 

31 

32 

33 

34 

35 

36 

37 

-. 

- -

---
- (X) = 

- (x ) = 
..-

- (x ) = 
-

- (x ) = 
..._-

-( x) = 

- (x ) = 

I - (x ) = 

- (x ) = 

- (x )= 

- (x ) = 

- (x )= 

- (x ) = 

1\2= 

1\ 2= 

1\ 2 = 

1\ 2 = 

1\ 2 = 

1\ 2= 

1\ 2 = 

1\ 2 = 

1\2= 

1\2= 

1\ 2 = 

1\ 2 = 

i 

I 

38 

39 

- (x ) = 

- (X) = 

1\ 2= 

1\ 2 = 

40 

Page 2 Sum 

L (Xj) = 

I 
- (x ) = 1\ 2 = 

Page 2 Sum of Squared Deviations 

L(d/) = 
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Data (Me thods A or B)-Page 3 

I 

Sample 
number (i) 

41 

.

Measurement fo r 
sample i (x.) 

-_._.. 

-(x)= 

~

Deviation
(d;) 

1\2=

I
i

Squared 
deviations 

(d i 
2) 

42 - (x ) = 1\2=
! 

43
-~ ' -- ' 

44 

45 

I -(x)= 
._

- (x ) = 

- (x ) = 
; 

1\ 2 = 

1\2= 

1\2= 
l 

46 -( x)= 1\ 2 = 

; 47 

48 

- (x ) = 

-( x)= 
~ 

1\ 2 = 

1\ 2 = 

49 - (x )= 1\2 = 
-

50 -(x)= 1\2= 

,
51 

52 

53 

- (x )= 

- (x )= 

- (x ) = ! 

". 

1\ 2= 

1\2 = 

1\ 2 = i 

54 - (x ) = 1\ 2= 

55 

56 

- (x ) = 

- (x )= 
, 

1\2= 

1\2 = 

57 - (x ) = 1\ 2= 

58 - (x ) = 1\ 2 = 

59 - (x )= 1\ 2= 

60 -(x)= 1\2= 

Page 3 Sum Page 3 Sum of Squared Deviations 

E(xj) = E(d/) = 

,
,
,
,
,
•,
•,
•
•

•
•
t

•
f,
,
•
•
•, 

•
 

,
,

• 

•,
 

I 

4 

4 
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Data (Methods A or B)-Page 4 

SquaredI 
Sample Deviation deviationsMeasurement for I (d j 

2)(d)number (i) sample i (X i) 

/\ 2=- (5<)::061 
1--- -

/\2 ;;; 

/\ 2 ,= 

62 - (X) = 

63 -( x ) =
 

64
 1\ 2 =- (X) = 

I /\2 -=65 - (x) = 
._._ _.•.. 

1\ 2=66 - (x )= 

1\2 ::::67 - (x ) = 

1\ 2=68 - (x ) = I 
1\ 2 =- ( x ) :;o;69 

I /\2=70 - l X) "" 

/\2 =
 

72
 

- (5<) =71 

1\ 2 =I - (x ) = 

I 1\ 2 =73 - (x ) = 

I /\2 =74 - (x )= 

/\ 2 =
 

76
 

75 - (x ) = 

/\ 2 ,=
 

77
 

- (5<) :::: 

1\ 2 =- (x )= 

/\2 =
 

79
 

78 -(x) = 

I /\ 2 =_· (x )=I 
I /\ 2 =
 

Page 4 Sum :
 

80 - (x ) = 

Page 4 Sum of Squared Deviations
 

I(x) = I
 I(di
2) = 
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t 

t
Calc ulation of Variance and _tandard Dev iation 

•
•
 
•

•

•

•

•

•

•

•

•


t 

-

I lPage 1 Sum Page 1 Sum of Squared De viations ~ 

I(x) = Ild j 
2) ;: 

Page 2 Sum Pag 2 Sum of Sq u red Deviations ~ 

I(xJ ;: I(d;2) = 
.-

Page 3 Sum Page 3 Sum of Squared Devia tions 

I lx) ;: I ( ;2) = 
Pag 4 Sum Page 4 Sum of Sq uared D viations -=-~ 

..._, 
I(xj) = I(d;2) = 

- .._-

Crai d Grand Total Sum of Sq uared 
Total Deviations ~ 

I (xj) = I (d;2) = 
Mean ample n ance ~ 

I 

52= I ( / )/ (n - 1) iI, (x) 1 n = I = 
Standard Deviation ~ 

'2vs ;: 

•(Methods A or B) 

•
Summary of Results (Method A or B) •

•
Sample Size (n) = •, 
Sam ple Mean ( x ) = , 
Samp le Var iance (52) =	 ~ 

~ 

Standard Devia tion (5) =	 ,. 
I'

Stan da rd Error (S.E.) = ,. 
95% Conf idence In ter val for Mean =	 I'

I" 

I" 

I,. 
,
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Histogram of Group Data 
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Questions (Method A or B) 
1.	 In comparing yo ur hi stog ram to the description of a norm al distribution, did yo u see m to ge t a 

fairl y good fit to the bell-sh ap ed curve, or did you notice a di fferent pa ttern? Describe these 
di fferenc es: was the histo gram bimod al? skewed? flat tened or sharply peaked ? If yo u perf ormed 
sta tistical tests usin g these data, would yo u be comfor table using parametric sta tis tics, or would 
yo u see k a non-parametric al tern ative? Do yo u think yo u ma de eno ugh measu rements to ma ke a 
certain judgment on this qu esti on , or do yo u think more d ata may be need ed ? 

2.	 The mean , med ian , and mode are three d ifferent statis tical a pproac hes to d escribe the " typical" 
individ ual in a p opulation . Recall that the med ian is the middle observa tion whe n all d ata are 
arranged in numeri cal order, and the mod e is the most commonly observed measurement. Base d 
on your d ata, d oes it matt er very much which of these thr ee sta tistics is used? Exp lain how this 
answer is related to your answer for the pr eviou s qu estion. 

3.	 Wha t do the variance, S.E., or standa rd deviation es timates tell yo u about your p opulation tha t the 
mean d oes not tell you? Why is it important to rep ort some measure of va riation, along with the 
sam ple size, whe never yo u rep ort a calculated mean? 

4.	 Varia tion among m embers of a p opulation can lead to natural selection, but only if two cond itions 
are met : Firs t, the trait must be relevant to an individual' s surviva l and / or reproduc tive ra te. 
Second, variati on in this trait must be heritable, that is, a t least partly con trolled by genes. How 
w ould yo u design expe riments to d etermine the importance of th is trait in determining surv ival 
and reproduction ? How wo u ld you test the extent to wh ich this trait is heritable? 
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FOR FURTHER INVESTIGATION 
1.	 In a field guide to the trees in your region, identify the species of evergreen you sampled in this 

exercise. What does the book say about the needle length of this species? Does the description 
include a range of needle lengths, or just a mean length? If key s are included in the guide, is 
needle length used to distinguish this species from others? Based on your data, how often might a 
single measurement of a randomly selected needle lead to an incorrect species identification? 

2.	 Are some varieties of beans inherently more variable than others? Calculate variances for different 
types of beans, or from the same variety purchased from different suppliers. Is gen etic variety a 
good predictor of seed weight, or are other considerations such as growing conditions in a given 
crop year more significant? 

FOR FURTHER READING 
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Preston, Richard J. Jr. 1989. North American Trees. Iowa State Uni versity Press, Ames. 

Rees, Mark. 1995. Community struc ture in sand dune annuals: Is seed weight a key quantity? The Journal of Ecology 
83(5):857-863 . 


