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Figure 13.2. SIMPLE LINEAR REGRESSION: Backg round and Review

The two videos whose con tents are sum marized in this Fig ure provide backgroun dinfor mation and rev iew for our dis cus -
si on of model ling rela t ion s hips usi ngsi mple lin ear reg res sio n. Progr am7 (des cribed ove r leaf on pag e13.1 6) will be shown in
cl ass; Pro - gr am6 (des cribed bel ow) can be vie wed privately for self-study at the Audiovisual Cent re, room E21309.

Time Ser ies
Prog ram 6 in: Ag a inst All Odds: Inside Sta tis tics

This progr amsh ows how to exa m ine dat athat are mea s urements of the same variable at reg ular int e rvals of tim e. You wil l
le arn that such ti m eseriescan show long-ter mtren ds, more or les sregular up and down cycles, and reg ular se aso nal var iation
as wel l as irreg ular fluctuation s. Yo u will also learn that thes epatt e rns can be made cle are rby ave r agi ng ove rma ny individu als
at one tim eor by ave r agi ng ove r time. Ave r agi ng in thes eways is calledsmoothing the dat a.

The vid eo begin sby looking at circa dian rhy thms, the daily cycle sof biol ogical activ ity app are n tin the beh aviou rof many
living things. You wil l se ehow exper iments wit h people kept isola ted from the lig ht of day hel p un cov er the working of our
biol ogical clock s. Plo t sof time ser ies of mea s urements are a basic tool in such studies.

A secon dbiol ogical exa mple wil l look at the patt e rns of brain activ ity induced by a sent enc ewith a non sense ending . The
ov erall patt e rn becomes visible only when we ave r age ove r the respons es to many sent enc es. This illu s trates the effective nes s
of smoot hing.

A sim ilar kin d of smoot hing is use dto cre ate stock marke t in d exe s ,which are ave r age sof the prices of many individu al
stock s. You wil l hear the author of a stock marke t newsle tter argue that the marke t ha sregular cycle s that can be pre dicted,
and Dean Bur ton Malk iel of Yale’s busin ess school say that the re is no soli d ev idenc efo r regular marke t cycle s. You wil l le arn
to see patt e rns ove r time more cle arly by usi ngrunning media n sof three or five con secutiv e obs ervation s.
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Mo dels for Growth
Prog ram 7 in: Ag a inst All Odds: Inside Sta tis tics

Li ke Progr am6, this progr amlook s at change sin a variable ove r ti m e. Progr am6 con cer ned gen eral tim e se rie s. Our
att entio n now tur nsto data that show a reg ular patt e rn of growth ove r time, so reg ular that it is des cribed by a  sim p le mat he-
mati c a lmodel. To see the patt e rn of growth, plo t the variable of int e rest y on the ver tical axi s of a scatt e rplo t ag ain st tim e t on
the hor izont alaxis. We are int e rest e din bot h theov era ll patt e rn of growth and in devi ationsfr om the patt e rn.

Linear gr owth addsa fixe damou nt in each equ al tim eperiod. A variable y that shows exact lin ear growth is des cribed by
the equ ation of a straig ht lin e, y = a + bt. Thesl ope bis the amou nt added in one unit of tim e.

Re a ldata will rarely show exact li near growth. If the plo t ag ain st tim e is appr oximately st r aight, the ove r all patt e rn of
gr owth is lin ear. To des cribe this patt e rn, fit a lin e to the data; that is, pass a lin e as clo sely as pos sib le throu gh the poi nts.
Yo u can do this by eye, or you can use the le ast squ ares method; the details of how to calcula te a lea stsqu are sli ne are giv en
in the nex t Prog ram; only the idea ap pears in this Progr am . Li near growth is illust r ated in the video by the inc rea s ein the
heig ht of you ngchil dre n.

The dev iation sfr om the ove r all patt e rn of lin ear growth are des cribed by the resi dua ls. A plo t of the es tim ated re sidu als
ag ain st tim emagnifie sthe dev iation sfo r ea sie r in spection. Look for outly ing poi nts and for system atic patt e rns in the residu als.

If you are satisfie dthat lin ear growth des cribes the ove r all patt e rn of the data, you can use the fitt e dli ne for pre diction. Pre -
diction ou tsi de the tim e in ter val for which you hav edata is calledextra pol ation. The res ult s of ext r apola t ion are often inaccur ate.

Expon ent ial gr owth multiplies by a fixe damou nt in each equ al tim eperiod. You can see the shape of theexponent ial cur ves
by mul t i p lyi ng repeatedly by the same number and plo tting the res ult s. Compou nd int e rest produ c es expon entia l gr owth. Real
data rarely show exact ex pon entia l gr owth, but may show a patt e rn of appr oximate ex pon entia l gr owth. The exa mple use din
the vid eo is the number of acres defo l iat e dby gypsy mot hs in successiv e ye ars of an infest ation.

Yo u can check whether a variable y has the ove r all patt e rn of expon entia l gr owth by tak ing the logar ithm of each value.
Us ea calcula tor to find log arithms and plo t the log arithms aga inst tim e. If the log arithms of y show an approxi mat e li near
patt e rn, y its elf is approxi mat ely expon entia l. You can fit a straig ht lin e to the log arithms to des cribe expon entia l gr owth. The
estim ated residu als from this lin e des cribe the deviation sfr om the expon entia l patt e rn (or model). If you are satisfie d that the
li ne fits the log arithms adequ ately, you can use it for pre diction. The video briefly dis cus s esan exa mple that is pre sent e din
mo redetail in the tex t (thir d edit ion pag es 181 -188): the growth in world oil produ ction ove r time. (The relev a n tdata are
tabula ted bel ow.)
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Te xt Tab l e 2.13: Annu alwo r ld cr ude oil produ ction, 1880 -1994 [in bar rel s×106 (Mbbl)]

Ye ar Mbbl Year Mbbl Year Mbbl Year Mbbl Year Mbbl Year Mbbl

1880 30 1920 689 1950 3,803 1968 14,10 4 1980 21, 722 1992 22,028
1890 77 1925 1,069 1955 5,626 1970 16,690 1982 19,411 1994 22,234
1900 149 1930 1,412 1960 7,674 1972 18, 584 1984 19,837

1905 215 1935 1,655 1962 8,882 1974 20, 389 1986 20,246
1910 328 1940 2,150 1964 10, 310 1976 20,188 1988 21, 338
1915 432 1945 2,595 1966 12,016 1978 21,922 1990 22,100

1995 -04 -20


