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In a previous study, we showed that the 1992 m en’ s world record running times in the 100 m to 200 km could be
n
represented accurately by the equation T = cD , where T is the calculated record time for distance D , and c and
n are positive constants. Here, we extend that to cover the years 1925± 65 at 10-year intervals and 1970± 95 in
5-year intervals for distances of 100 m to 10 km. Values of n for all years lie along a straight line with a small
negative slope. A regression analysis yields an equation for values of n covering the period 1925± 95. Values of
c from 1925 to 1995 were W tted by a quadratic equation. These two equations de W ne a surface in threedimensional space á log( T ), log( D ), dateñ for all men’ s world record runs over the 70-year period for distances of
100 m to 10 km. We also demonstrated previously that event times, t, do not scatter randomly with respect to the
values of T but form a consistent pattern about the straight lines in log(T ) versus log( D ) plots. In this study, we
show that the pattern of ( t - T )/t as a function of date has remained constant for the past 70 years.
K eywords : athletic limitation, chaos, energy, fractal, non-linear dynamics, power law.

Introduction
Since the early 1900s, m any attempts have been m ade
to develop an equation which represents world record
running times. Kennelly (1906) was the W rst to use a
power law to relate running time, T, to distance, D, for
athletic events and horse races (equation 1). Equation
(1) will be referred to as the power law and its log-lo g
graph will be called a log-log plot. In equation (1), c and
n are positive constants:
T = cD

n

(1)

Since then, others (Lietzke, 1954; Henry, 1955; Riegel,
1981; Blest, 1996) have used this equation because of
its excellent W t to the data. T he large range of event
times and distances involved in these analyses (over two
orders of m agnitude) and the general m onotonic
character of the data have resulted in the power law
2
equation W tting the data with R values (coeY cients of
determ ination) ver y close to 1. However, even a linear
2
regression of T on D has an R of close to 1. T hus
an im portant question is, `w hich equation is m ost
app ropriate for this type of analysis?’
* Author to whom all correspondence should be addressed. e-mail:
j.s.katz@ sussex.ac.uk
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D espite the excellent ag reem ent between the power
law or log-lo g linear representation of world running
records, detailed analysis will show that, except for a
sm all random variation, the event times are scattered
about the regression lines in a pattern that has rem ained
constant for m ore than seven decades. We show that
a power law plot of the data values at 200 m and
400 m are consistently about 6% below the regression
line, and at 1 km , 1.5 km , 2 km and 1 m ile the time
values are consistently about 3% above. In the linear
m odel, the 100, 200 and 400 m points are 209%,
73% and 13% respectively above the regression line.
T he power law m odel app ears to result in a better W t
to the data. H owever, there is a m ore fundam ental
reason for choosing it, w hich we w ill exp lain shortly.
T he distance of the power law regression value from
the actual data expressed as the percent change in the
ordinate will be called the `power law oV set’ or sim ply
the `oV set’ .
To our knowledge, the origin of these oV sets has not
previously been studied, and a possible explan ation for
their cause has not been proposed. T his w ill form an
im portant part of the present analysis. H enry (1955)
considered oV sets in his analysis of speed versus
distance; however, speed is not an app ropriate variable
for such an analysis because it is an average quantity,
m aking the oV sets m ore diY cult to interpret. Before
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presenting the details of this analysis, we explain why we
chose the power law.
W ith the developm ent of the com puter, it becam e
possible for scientists to exp lore the behavio ur of
non-linear dynam ic dissip ative system s. T his exploration culm inated in the publication of m any research
papers in the early 1970s followed by G leick’ s (1987)
popular book on chaos theor y. A parallel independent
but related developm ent occurred about the sam e time,
w hen M andelbrot (1977) published his sem inal book
The Fractal Geometr y of N ature. Both non-linear system s
and fractal geom etry reveal diV erent facets of the
structure and behaviour of real-w orld system s. As few
non-linear equations are solvable by m athem atical
techniques, it was assu m ed in the past that m any
non-linear system s could be closely app roxim ated by a
linear system . W ith the advent of m odern com puters,
the study of non-linear system s revealed a strange and
interesting world W lled w ith chaos, order, power law s
and fractals. We do not intend to provide a detailed
discussion of these developm ents here. For a m athem atical description of the interdependent relationship s
between non-linear system s, power laws and fractals, see
Schroeder (1991). Also, an excellent booklet by Lodge
(1981) shows the hum an senses perceive the intensity of
stim uli such as loudness, brightness, taste, sm ell, pain
and pressure with power law characteristics. Buchanan
(1997) reviewed m any W elds in which the power law
applies.
From D N A (O liver et al., 1993) to hum an physio logy
(G oldberger et al., 1990; Elber t et al., 1994), the hum an
body is com posed of m any non-linear system s and
fractal structures that can be reasonably represented
w ith power laws. The ubiquitous use of power laws to
represent system s in the hum an body suggests that they
m ay be the logical choice for the present analysis.
We initiated an analysis of world running and
swim m ing records in 1990 to determ ine what can be
Table 1

1
1
1
2
3
5
10
a

Analysis of world record runs by m en
In this study, only runs of 10 km or less were analysed
because they are held in stadium s w ith good tracks and
are timed accurately. Tim ing techniques have im proved
im m ensely over the past 80 years. In 1912, the 100-m
dash was m easured to the nearest 0.1 s, a 1% accuracy;
by 1968, timing m ethods had im proved to 0.01 s, a
0.1% accurac y for the 100-m run and a 0.01% accuracy
for the 800-m run. D istances have always been
m easured to an accuracy better than 0.01% . The m ain
source of error in all athletic data arises from the erratic
occurrence of record-break ing perform ances. The
`earlier than expected’ appearance of an athlete w ith
super abilities disrupts the even X ow of the data. O n the
other hand, a record can last for a prolonged period. For
exam ple, the one-m ile record rem ained unchanged
from August 1985 to Septem ber 1993, resulting in a
sudden im provem ent of 0.9% .
M en’ s world running records were explored using
power law analysis for the years 1925± 65 at 10-year
intervals and thereafter at 5-year intervals until 1995
(Table 1). T he units adopted in this analysis were
m inutes for time and kilom etres for distance. T he use
of kilom etres is helpful because, as can be seen from
equation (1), the param eter c is equal to the regression
time, T, in the 1-km event. T hus a graph of c versus the

World record times (min) for men’ s running events

Distance (m)
100
200 a
400
800
000
500
609 b
000
000
000
000

learned about a dynam ic system from a careful exam ination of its power law s. Sports data were chosen
because they were the m ost accurate we could W nd for
such a system . T he analysis of 1992 world running and
swim m ing records by m en and wom en disclosed som e
interesting oV sets from a strict power law dependence
and this was the subject of a previous paper (Katz and
K atz, 1994). H ere, we extend that work and present new
inform ation.

1925

1935

1945

1955

1965

1970

1975

1980

1985

1990

0.1733
0.1717
0.1700
0.1700
0.1667
0.1658
0.1658
0.1658
0.1655
0.1653
0.3467
0.3383
0.3383
0.3433
0.3367
0.3305
0.3305
0.3287
0.3287
0.3287
0.7900
0.7700
0.7667
0.7567
0.7483
0.7310
0.7310
0.7310
0.7310
0.7215
1.843
1.830
1.777
1.762
1.738
1.738
1.728
1.706
1.696
1.696
2.477
2.393
2.358
2.317
2.270
2.270
2.232
2.223
2.203
2.203
3.877
3.813
3.717
3.680
3.593
3.552
3.537
3.523
3.491
3.491
4.173
4.113
4.023
3.967
3.893
3.852
3.823
3.813
3.772
3.772
5.433
5.363
5.197
5.037
5.020
4.937
4.937
4.859
4.857
4.847
8.460
8.307
8.020
7.927
7.660
7.660
7.585
7.535
7.535
7.491
14.470
14.283 13.970
13.677 13.403
13.277 13.217
13.140 13.007
12.973
30.103
30.103 29.590
28.903 27.657
27.657 27.513
27.372 27.230
27.138

Before 1951, 200-m runs were held on a straight track and these values are used. b One-mile event.

1995
0.1642
0.3287
0.7215
1.696
2.203
3.456
3.740
4.798
7.419
12.740
26.726
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F igure 1 Schematic plot of time versus distance for men’ s
running events in various years.

date show s how the 1-km regression value for T changed
over the years. Blest (1996) perform ed a sim ilar analysis
using m etres instead of kilom etres, resulting in the loss
of som e useful inform ation, which we discuss later.
Record run times for this analysis were taken from
the Prog ressive World Record Lists 1913± 1970 (IAAF,
1972). The rem aining values were taken from various
World Alm anacs and Guinness B ooks of Records; these
were cross-c hecked again st a world-wide web site,
http://www.uta.W /~ csm ipe/sport/eng/m run.html, which
has up-to-date running event times.
It is not possible to show all the regression lines
derived from a log-log plot of the data for each year on a
single graph, since adjacent lines would be displayed
too close for viewing. Instead, a schem atic diag ram was
constructed w ith the distances between lines enlarged
100-fo ld (Fig. 1). At this increased scale, only the calculated values from the regression equation are shown.
Since the data for 1925± 65 were analysed at 10-year
intervals, values for 1930, 1940, 1950 and 1960 were
obtained by interpolation. T his was done to show the
general prog ression in im provem ent over the whole
period at 5-year intervals. Although the lines in Fig. 1
app ear to show a change in the line spacing around
1970, this m ay in part be due to the way this schem atic
was constructed and in part due to the distribution of
random errors. A m ore detailed analysis show s that a
sm ooth curve can be passe d through the data points
with good accuracy.
Table 2

Slope

sn
c -value

sc

The changing values over the years of slope, n i , and
param eter, c i, are shown in Table 2. T he slope (Fig. 2a)
decreased linearly w ith time (about 0.024% per year),
but the change in c i required a quadratic equation for its
representation (Fig. 2b). This equation should not be
used to extrapo late to future years, as it has a m inim um
in 2037 and rises thereafter. A cubic equation W t to the
data was rejected because it has a m inim um in 2003.
T he regression lines through the data are displayed in
Figs 2a and 2b. We analysed the world running records
reported in Blest (1996) to determ ine if his data also
exhibited the sam e general shape in the distribution of c i
values. We also tried to select data from Blest for years
that we did not analyse. T he 1980 data are com m on to
both analyses. It is noteworthy that Blest included times
for m arathons, w hich are less reproducible than stadium
events because of the diV erent terrains they are run
over. T hese times have been discarded and his distances
expressed in kilom etres. The resulting slope and c i
values of his data are also show n in Figs 2a and 2b. L ines
of equations W tted to these values are lower by about
0.8% and 1.5% , respectively, as Blest did not include
the one-m ile, 1-km , 2-km and 3-km events in his data.
For this reason, his values also show m ore scatter.
A linear regression analysis of the slope data (Fig. 2a)
yields the following equation:
Slope = n ic = (1.1498 ± 0.0018) (0.000280 ± 0.00003) Y i

(2)

where Y = year - 1900. A m ore detailed discussion of
this analysis w ill be presented below w here we reveal
and discuss an im portant property.
A quadratic equation was Wtted to the c i values by least
squares (Fig. 2b) and is given by:
c ic = 2.4868 ± 0.0109 - (0.0058 ± 0.0004)Y i +
(0.000021 ± 0.000003)Y i

2

(3)

T he goodness-o f-W t of the quadratic will be discussed
later. Equations (2) and (3) can now be introduced into
equation (1) to give a three-dim ensional m odel of the
relationship between the variab les log(T ), log(D ) and Y:
T ij = c i D j

ni

(4)

Slope and parameter ( c ) values with standard errors of the regression lines W tted to the data in Table 1
1925

1935

1945

1955

1965

1970

1975

1980

1985

1990

1995

1.141
0.003
2.353
0.009

1.143
0.002
2.315
0.006

1.138
0.001
2.271
0.003

1.134
0.001
2.241
0.004

1.128
0.001
2.200
0.004

1.130
0.001
2.181
0.003

1.129
0.001
2.171
0.003

1.128
0.001
2.158
0.003

1.126
0.001
2.148
0.004

1.126
0.001
2.143
0.004

1.123
0.001
2.129
0.004

b

a

3.15

- 8.57

- 5.39

2.03
3.31
3.52
3.06
4.68
2.15
- 2.06
- 6.99

1.92

- 4.67

1.07
5.02
3.63
2.99
4.52
2.61
- 1.99
- 8.12

1935

- 8.15

1925

0.83
3.68
3.03
2.95
3.77
1.07
- 1.60
- 5.60

- 4.38

- 7.44

2.87

1945

1.13
3.19
3.51
3.05
2.33
1.74
- 1.60
- 5.44

- 4.03

- 7.54

2.91

1955

1.58
3.06
3.25
3.33
4.20
0.80
- 0.87
- 6.84

- 4.60

- 6.38

1.68

1965

2.51
3.93
2.90
3.06
3.31
1.46
- 1.27
- 6.41

- 5.92

- 7.03

2.54

1970

s ij

Values of o V sets s ij for all years and distances in the analysisa

2.55
2.88
3.36
2.93
3.89
1.10
- 1.13
- 6.35

- 5.25

- 8.14

3.19

1975

1.59
2.91
3.21
3.20
2.93
1.13
- 0.85
- 5.78

- 5.09

- 6.98

2.96

1980

1.44
2.47
2.83
2.65
3.42
1.73
- 1.20
- 5.52

- 4.73

- 6.71

2.92

1985

1.68
2.71
3.08
2.90
3.48
1.41
- 1.20
- 5.59

- 5.85

- 6.45

3.05

1990

2.26
3.36
2.89
2.88
3.38
1.48
- 1.80
- 5.68

- 5.47

- 6.32

2.25

1995

2.01
3.04
3.04
2.94
3.40
1.38
- 1.24
- 5.89

- 5.38

- 6.94

2.82

Average
s j (%)

± 0.35
± 0.67
± 0.54
± 0.55
± 0.55
± 0.25
± 0.18
± 0.36
± 0.25
± 0.33
± 0.48

Standard
deviation b of sj

0.02972
0.07657
0.11607
0.11740
0.18343
0.11931
- 0.19202
- 1.75650

- 0.03799

- 0.02412

0.00452

Average
time-o V set
(t - T )ja

The third last colum n is the average value, s ja , for the years 1970± 95 and the second last colum n its standard deviation. T he last colum n lists the tim e-oV sets averaged over the period 1925± 95.
Only calculated for 1970 and 1995 tim es.

1
1
1
2
3
5
10

100
200
400
800
000
500
609
000
000
000
000

Distance
(m )

Table 3
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F igure 2
events.

(a) Regression slope versus year for men’ s running events. (b) Regression intercept ( c ) versus year for men’ s running

F igure 3

Percen t o V set versus time for m en’ s and wom en’ s running and swimming events.

where j is the event and i the year. T his equation deW nes
a ruled surface in three-dim ensional space of á log(T ),
log(D ) and Y ñ for the period 1925± 95.
The oV sets of the data from the regression lines have
been m entioned several times. T he oV set values, s ij, of
the world record events during the past 70 years are
listed in Table 3, where:
s ij = 100(t ij - T ij)/t ij

(5)

Again, subscript i represents the year, j the event, t ij the
m easured event times and T ij the calculated regression
times. The average value of the oV set of an event j will be
designated by sja . T he second and third colum ns from the
end in Table 3 give the oV sets averaged over the years
1970± 95 (the m ost accurate values) and their standard

deviation calculated from the scatter of these values.
O V sets were also calculated for wom en’ s running
events in 1990 (Katz and Katz, 1994) and m en’ s and
wom en’ s sw im m ing events in 1995. All these data,
including those in the last two colum ns, are show n in
Fig. 3.
Because swim s over this range of distances take about
W ve times as long, the fairly good coincidence of all these
cur ves (Fig. 3) show s that the oV sets are related to the
athlete’ s time of exertion and not the distance covered.
Keller (1973, 1974) divided short-distance events into
start time and full speed time. Such a division is not
relevant in this case, because the start times are quite
diV erent in running and swim m ing yet the oV sets are
the sam e when com pared on the basis of time. T hese
considerations, com bined w ith the reproducibility of the
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log(T ij*) = log(c i ) + n i log(D j) = a i + b i x j

F igure 4
residuals.

C umulative frequency distribution of norm alized

oV sets for m en’ s running events over the past 70 years,
leads to the conclusion that the oV sets are m ainly the
result of a system atic cause related to the exertion time
of the athlete, and only 14.7% of the oV set values can be
attributed to random eV ects. W ithin the accurac y of
the data, the oV sets have not changed over the past 70
years.
Based on this conclusion, it is now possib le to analyse
the data in greater detail, to com m ent on the least
square analysis and m ake a goodness-of-W t test of
the regression lines to the slope n i and intercept c i
values shown in F igs 2a and 2b. As the oV sets at
each event have rem ained relatively constant over
the 70-year period of this analysis, it is appropriate
to subtract average (1925± 95) `time-oV sets’ (t - T ) ja
from each event j. T his ensures any random variations
(residuals) rem ain in the rem aining time value; we
label these corrected event times t ij*. This procedure
does not take into account m inor corrections because
the event times changed over the years (this is
w hy values of s ij were expressed in term s of percent
change).
An analysis of the residuals showed that they were
random ly distributed; however, because the values
in Table 1 var y by m ore than two orders of m agnitude,
the residuals were W rst norm alized by the following
equation to allow com parison:
[(t - T ) ij - (t - T ) ja ] / | (t - T ) ja |

(6)

W hen ordered, these values yield the curve shown in
F ig. 4. A com parison of the cum ulative frequency under
this curve w ith that of a norm al distribution (O give plot)
results in a straight line (R 2 = 0.99), show ing that the
distribution of the residuals is norm al. T his showed that
the regression lines calculated by least square analysis of
log(t*) - log(D) have m inim um variance. T he standard
deviation of the log(t*) - log(D) regression lines is also
reduced. F rom equation (1), the equation for these
lines is:

(7)

w here T ij* are the new regression line values of event j in
year i w ith (t - T ) ja subtracted. T he standard deviations
of log(c i ) values, sia , are on average 14.5% of those
w ithout subtracting (t - T ) ja ; the standard deviations
of n i , sib , are on average 15.2% of those calculated
w ithout this subtraction. The recalculated values of
the slope, n i , and param eter, c i , diV er by less than one
4
part in 10 from those calculated without the time-oV set
subtraction.
T he standard deviations associated with the constants
of the regression lines T ij* are sia and sib , respectively,
and the varian ces of the lines for the 1-km event in
diV erent years are given by the following expression (see
Sveshnikov, 1968, for an exam ple):

s i2 (x) = s ia 2 + sib 2 x 2 + 2 siab 2 x

(8)

Because the value of x at 1 km is zero (i.e. log(1) = 0),
the last two term s drop out giving a variance si2 (0) =
sja 2 . These are the values of the standard deviations of
c i listed in Table 2. Calculation of the goodness-of- Wt
of the quadratic equation to the c i values gave F 3,7 = 733
and P(F 3,7 > 8.45) = 0.01, indicating an excellent W t.
We realize that the colum ns in Table 1 are highly
correlated and that the resulting n i and c i values obtained by regression analysis of the colum ns are not
independent quantities. T he aim of this analysis was to
determ ine how this correlation changes w ith time in the
dynam ics of com petitive running. Equations (2), (3)
and (4) are the result.

E nergy expended in running
T here are a few published studies on aerobic and anaerobic energy expenditure, which, w ith proper analysis,
show that the com bined aerobic and anaerobic energies
of a runner do not give a sm ooth energy± time curve in
the W rst 5 m in. We w ill try to show that the power law
time-oV sets probably reX ect these energy Xuctuations
m odulated by the eY ciency of their utilization in
running.
Ward-Sm ith (1985) presented an analysis of the
energetics of running based on the W rst law of therm odynam ics. H e derived the aerobic and anaerobic
energies expended by an athlete from world record
running data. In a sim ilar study, Peronnet and Thibault
(1989) used an `empirical m odel relating hum an
running perform ance to som e characteristics of m etabolic energy yielding processes’ . In 1954, estim ates were
collected from several sources of the power developed in
running up a hill. In each case, the average horsepower
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F igure 5 Energy-o V set derived from various sources (LK = Katz, 1954; W-S = Ward-Smith, 1985; P-T = Peronnet and
Thibault, 1989; K&K = present study).

F igure 6 Energy expenditure versus time. Sources of data:
a, Peronnet and Thibault (1989); b, Ward-Smith (1985); c,
Harris (1970); d, Pons and Vaughan (1989); e, W ilkie (1960);
f, Johnson (1991); g, Katz (1954).

generated was found from the weight of the subject, the
time and the height of the hill climbed (K atz, 1954).
T he data covered a run up a 7.5-foo t hill in 1.2 s by an
athlete to an ascent of a 23,000 foot m ountain in 22 h.
For reasons previously outlined, power laws were also
used to analyse these three sets of data. Calculations of
the energy-oV set (W ne structure) values from their
respective regression lines are shown in Fig. 5. One
would not exp ect the three graphs to coincide, but they
all show the sam e general structure. In particular, we
would like to draw attention to how well the general
shapes of these cur ves reX ect the shapes of the timeoV set curves in Fig. 3 (except for an inversion about
the x-axis) . It is our contention that this variation in
total energy as a function of time is reX ected in sim ilar
variations in the time± distance running records.

We realize that, in m any respects, this am ounts to a
circular argu m ent in term s of the calculations of WardSm ith (1985) and Peronnet and Thibault (1989). T he
running data, which include time-oV sets, were used by
these authors to calculate the energy, w hich was then
used to show that there is a correspondence between the
time-oV sets and energy-o V sets. However, for the data of
Katz (1954), energy was calculated from the time it
took to climb a hill. Although the accuracy of the
hill-clim bing data leaves m uch to be desired, and hill
climbing is quite diV erent from running on a horizontal
surface, the general shape of the energy cur ve is the
sam e as for the other calculations.
To support the above assum ption, it is necessar y to
convert the time-oV sets of Table 2 presented in Fig. 3
into equivalent energy-o V sets that the athlete uses in
running. Several laboratory experim ents have m easured
the energy a m ale subject can develop at m axim um
sustained exertion for a given time (W ilkie, 1960;
Harris, 1970; Pons and Vaugh an, 1989; Johnson, 1991).
As running requires m axim um exertion, these energy
values are directly com parab le to the three energies
discussed above. All seven sets of data are shown as
log-lo g plots in F ig. 6 (note that the data of H arris,
1970, and of Pons and Vaughan , 1989, fall on the sam e
line).
The lines in Fig. 6 fall into two groups. First, the
upper two lines are based on the calculations of WardSm ith (1985) and Peronnet and T hibaut (1989) and
represent outputs of energy by highly trained runners.
T he athletes represented by the lower graphs were not
as intensely trained and had lower energy outputs.
T he bottom line is from the scattered results of various
individuals running up hills (Katz, 1954). T he ratio of
the averages of these two sets of data is 4.5 in energy
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output. All the lines have sim ilar slopes. T he data of
Ward-Sm ith (1985) gave the largest slope of 0.858,
w hereas the overall average slope was 0.798 ± 0.020.
T he data in this W gure m ay be represented by a power
law:
E (T ) = bT

m

(9)

w here E is the total energy developed by the subject in
1
J ´ kg - during m axim um exer tion time, T. It is assu m ed
there is a one-to-one correspondence between the time
T of the regression lines in running events and the T
values of equation (7) (at least to the W rst order). Both
involve energy production during periods of m axim um
exertion and, in both cases, the data seem to have the
sam e relative distribution about the regression time
lines (Figs 3 and 5), except that one is a reX ection of the
other.
Let D T = t - T and let the energy developed by an
athlete in tim e t be:
E (t) = E(T + DT ) = E(T ) + D E(T )

= E(T )[1 + D E (T )/E(T )]

(10)

w here D E(T ) is the energy corresponding to the
deviation DT (Fig. 3). From equation (9) we have:

D E (T )/E(T ) = - m D T/T

(11)

A negative sign was introduced into this equation
because, all things being equal, an athlete who has m ore
energy availab le presum ably can m aintain his or her top
speed longer; thus a positive D E(T ) would result in a
negative D T.
Introducing equation (11) into equation (10) gives:
E(t )/E(T ) = (1 - m DT/T )

(12)

w here m is the average value derived above. From
equation (5) we have:

D T/T = (s ja /100)(t/T )

(13)

w here s ja is the average percent time-oV set corresponding to the time-oV sets listed in Table 2. T hus, the
energy-oV set D E(T ) is given by:

D E(T ) = 100[E (t) - E(T )] / E(t )
= - ms ja (t/T )[1 - 1/(1 - ms ja /100T )]

(14)

T he average power law oV sets, sja , from the second last
colum n of Table 2, are converted to the corresponding
energy-oV sets and are shown in Fig. 5.

In sum m ar y, there is good ag reem ent in the general
shape of the four data sets, although this is not the case
for the m agnitudes of the oV sets. T his is not surprising,
as the data of Ward-Sm ith (1985) and of Peronnet and
T hibault (1989) relate to the total rate of energy production in an athlete’ s body, while the values calculated from the oV sets are these energies m ultiplied
by the eY ciency by w hich they are converted into
running.

Fur ther analysis of the running data
T he T ij* values, calculated from equations (4) and (7),
deW ne a sm ooth surface in three-dim ensional space
covering event times m inus the oV sets in the 100-m to
10-km events over a 70-year period. To reconstruct the
best estim ate of event times (t ijc ), one m ust add the
average oV set (t - T ) ja to all events j (alternatively one
could use the average s ja values). The values of T ij* and
the calculated event times t ijc are plotted for four
representative events (100 m , 1 m ile, 1 km and 10 km ).
T he prog ressive world record times are shown in Fig. 7.
In addition to the rather sm all errors in m easurem ent of
event time and distance, a few other sources of error
exist in calculating the values of t ijc : these are the errors
in the T ij* regression values, in the equations W tted to the
slope n i and param eter c i values, and in the average
values of (t - T ) ja , the total being estimated at ± 0.5% .
F igure 7 show s how t ijc (solid lines) and T ij* (dash edand-dotted lines) changed over the years for the diV erent events. Values of t ij ± 0.5% are represented by the
dotted lines.
Actual world record event times from Table 1 are
shown in F ig. 7 for com parison, but are plotted to the
nearest fraction of the year during which it was m ade.
Som e values from the recent O lym pic G am es in
Atlanta and a few records established in the years
interm ediate to those of Table 1 are included. It is
interesting to note that the predicted rate at w hich
event times change at present is by about - 0.0025 s per
year for the 100-m event and - 2.6 s per year for the
10-km event.

C onclusion
Although power law analysis of running com petitions
has been used since the early 1900s, only recent
im provem ents in our understanding of the behaviour of
non-linear dynam ic system s has m ade the power law a
natural choice for such analyses. Furtherm ore, we
believe that deviations from a power law m ight indicate
an interaction w ith another part of the system . In the
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F igure 7 Event time versus year for: (a) the men’ s 100-m run; (b) the men’ s one-mile run; (c) the m en’ s 1-km run; (d) the
men’ s 10-km run.

present study, we used world record running data
because they are the m ost accurate and historically m ost
extensive that we could Wnd.
As noted previously, although time and distance
m easurem ents have been m ade with great accuracy,
records are bettered at irregular intervals and by
irregular am ounts so that it is diY cult to establish trend
lines in individual events. However, with power law
analysis, these individual variations are sm oothed out
and the basic dynam ics of com petitive running are
revealed.
The presence of oV sets disclosed by this analysis
reveal how the aerobic and anaerobic energy com ponents of the athlete’ s body m ultiplied by utilization
eY ciency in running aV ects event times. W hen variations in event times are corrected for this eV ect, the
degree to which the ideal power law m odel applies is
excellent. T he precision with which event times in
any year, corrected for energy variations and utilization
eY ciency, can be represented by this sim ple equation,
signal a very im portant property of hum an locom otion ±
super athletes run as if they had identical bodies,
ignoring energy considerations. In other words, a single

super athlete trained to run all these events could in
principle produce all the record times.
The time-oV sets of individual events did not show any
consistent trend over the 70-year period of this analysis;
som e increased over this period whereas others
decreased, and the m ean change for all 11 events was
- 6.5% per event between 1925 and 1995. We conclude
that, on average, the aerobic plus anaerobic energies and
the eY ciency of utilization in running have rem ained
relatively constant.
Hill (1926, p. 98) m ade the following observation:
`Som e of the m ost consistent physio logical data
available are contained, not in books on physio logy, not
even in books on m edicine, but in the world’ s records
for running diV erent horizontal distances’ . T his analysis shows that it m ay indeed be possible to extract
physiological inform ation from world running and
swim m ing records, as the hum an body’ s bioenergetics
system ± the aerobic and anaerobic energy cycle ±
m odulates the ideal power law m odel to produce a
m easurable and consistent oV set pattern. W ith this
m odulation rem oved, world record runners behave in a
sim ilar way.
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