




TABLE 22
Parameter Estimates and Goodness-of-Fit of Two-Element and Linear Models

Responses Two-Element Model Linear Model
Sub- Set of per A 1\ X2

X2ject Pairs1 Octile j go gl d.f. e "ql d.f.

* .0004 .611 14.010* 6J. 2 29 6 .603 ·707 12.354 5

1 4 29 3 .586 .676 2·590 5 .0010 .598 3.811 6

1 5 29 1 .655 .749 6.900 5 .0000 .737 7.805 6

1 7 29 4 .707 .767 1. 377 5 .0010 .704 2.012 6

2 .815 8.273 .0014 * 62 27 1 ·593 5 ·752 13·733

2 4 29 .322 .400 2.296 .0008 194.400*3 5 .309 5

26 .838 * .788 * 62 5 5 ·705 11. 726 3 .0000 18.444

2 6 27 7 .884 .963 0.815 2 .0040 .839 .0.022 2

2 7 29 7 .611 .552 1.937 5 .0000 .603 2.305 6

3 2 29 6 .374 .586 2.456 5 .0018 .294 4.767 6

3 4 28 6 .607 .786 3·722 5 .0010 .610 9·097 6

3 5 29 5 .559 .598 2.697 5 .0002 .563 2.458 6

1
The numbering is: 1 - /p : b/, s; 2 - /p : b/, d; 3 - /s : ts/, s; 4 - /s : ts/, d;
5 - /p : b/,/b/first; 6 - /p : b7,/p/first; 7 - 7s : ts/,/s/first; 8- /s : ts/,/ts/first.





TABLE 22 (continued)

Responses Two-Element Model Linear Model
Sub- Set of per

X2 X2
ject Pairs1 Octile j go gl d.f. a '11 d.f.

3 6 28 2 .714 .833 3·951 5 .0040 .699 3.044 6

3 7 28 6 .685 .804 2.834 5 .0012 .673 5.038 6

5 4 28 3 .738 ·921 3.814 2 .0100 .626 0.860 2

5 7 29 2 .724 .879 4.060 2 .0060 ·705 5.041 2

7 2 29 1 .448 .714 1.943 5 .0030 ·553 5.103 6

7 5 29 1 ·517 .828 3.709 5 .0050 .643 8.083 4

7 6 29 4· .647 .784 4.196 5 .0020 .641 7.198 6

9 3 28 2 .893 .804 3.836 4 .0000 .826 6.175 6

.849 ·718 12.853* 4 * 69 7 29 2 .0000 ·750 17.563

11 2 26 2 .615 .865 8.842* 2 .0080 .582 8.772 4

7.888 4 .780 * 611 7 29 2 .897 .741 .0000 14.448

13 2 29 6 .511 .828 7.789 5 .0050 .294 5·113 6

13 4 29 2 .121 .345 4.808 4 .0014 .164 10.831 6

:13 5 29 4 .569 .767 4.654 5 .0050 .432 1. 783 6





TABLE 22 (continued)

Responses Two-Element Model Linear Model
Sub- Set of per

x2 X2ject Pairs1 Octile j go gl d.f. e q1 d.f.

13 6 29 7 ·759 .966 4.002 3 .0020 ·729 7.180 6

13 7 29 7 .586 .414 1. 723 5 .0000 .565 4.752 6

13 8 29 2 ·500 .672 2.964 5 .0030 .484 2.784 6

14 2 29 5 .490 .747 3.776 5 .0030 .424 11.961 6

14 5 29 4 .641 .805 4.811 5 .0030 .582 4.445 6

14 6 28 6 .760 .643 3.024 5 .0000 .746 4.683 6

15 1 29 2 .690 .822 5.845 5 .0030 ·702 5.942 5

28 6 .673 .982 * 4 *15 2 15.232 .0050 ·579 33.307 5

28 6 .947 6.524 .625 *15 5 ·720 3 .0050 15.269 5

6 6 .724 .914 4 .679 *15 29 7·111 .0030 12·752 5

16 *2 26 2 .404 .859 14.248 2 .0150 .161 2.381 3

16 5 22 2 ·591 .886 4.642 2 .0130 .503 2.578 3

16 6 27 2 .722 .889 7.182* 2 .0070 ·700 5·137 3

17 2 29 1 .517 .744 3.964 5 .0040 .558 2·910 6





TABLE 22 (continued)

Responses Two-Element Model Linear Model
Sub- Set of per

X2 X2ject Pairs1 Octile j go gl d.L e '11 d.L

17 4 29 3 .253 .476 7·723 5 .0020 .234 7.523 6

17 7 29 1 ;448 .576 1.627 5 .0004 .540 3.196 6

17 8 29 3 .609 ·793 2.187 5 .0040 ·573 3.386 6

* * 618 2 24 5 .858 .708 18.202 3 .0000 .802 28.208

18 6 .806 .960 .825 14.372* 625 7 7·775 3 .0000

18 7 29 4 .716 ·793 3.834 5 .0006 .736 5.565 6

19 2 29 6 .379 .603 0.342 5 .0016 .321 5.092 6

19 4 29 2 .414 .299 5.157 5 .0000 .328 7·515 6

19 5 29 6 .661 .776 6.864 5 .0014 .636 8.664 6

19 6 29 1 .690 .621 4.437 5 .0000 .629 2.587 6

19 7 29 1 .672 .517 1.244 5 .0000 .556 5.430 6

19 8 29 5 ·710 ·770 2.265 5 .0006 ·713 3.983 6

20 2 29 4 .681 .914 4.234 3 .0100 .479 2.301 3

.655 .891 * 1. 52820 5 29 2 8.091 2 .0100 .555 3

SUM 291. 350 228 587.327 288

* p <.05





and 7. Of course, this agrees with the "midplateau" finding me,ntioned

before 0 We note that for the first l' octHes, this mOdel predicts that

the proportion of correct responses will equal go' and for the, last 8-~

octiles, the proportion correct sb,Ould be gl' After go' gl' andj were

estimated for each of the sets of octile data, the predicted learning

curves were plotted. The graphs, of the theoretical proportion co~rect

per octile are compared with the observed proportions in Figures 12-43.

Insert Figs. 12-43 about here

Slope-intercevt model. It is possible that the plot of the proportion

correct against the octile number would be more adequately described by a

straight lin", of non-zeJ;'o slope than by the pair of horizontal line seg­

ments (Figures 12-43) which the two-element model requiJ;'es. Although we

had no fundamental grounds for preferring the slope-intercept model, i.t is

worthwhile to determine its fit to the present data. By so ~oing we shall

have something against which to compare the fit of the two-element model.

The slope and intercept parameters were computed, also 'by the method of'

least squares and the mi.nimum sum of squared deviations was computed for

each of the 54 sets of octile data. As an index of the relative accuracy

of the two-element and slope-intercept models, we may compare the sum of

squared deviations between predicted and opseJ;'ved frequencies for the two

models. Of the 54 comparisors, the sum~ed squared deviations were lower

for the two-element model than for the slope-intercept model in 47 cases.

Using the normal approximation to the binomial distribution, the hypothesis



that there is no difference between the mqdels in the summed squared

deviations ;i.s rejected at the .0001 significance level (z = 5.38), iJ:Of,-,;tlJ,e

54 comparisons between the linear and slope~interceptmodels, the summed

squared deviations were lower for the linear model about half the time.

Linear model. The predictions of the linear model were determined

for each of the sets of octile data. The first step was to estimateql'

the initial probability of an error, and e, the learning rate. As with

the other models, the estimation was performed by minimizing the sum,

over octiles, of the squared deviations between the predicted and observed

frequencies of correct response (see equation (4»). However, unlike the

situations for the other two models, an explicit algebraic solution for

ql and e ilFterms of the observed quantities was prohibitively difficult.

This problem was met by exploringGJ in increments of :0002 from .0000

to .0020 (the range in which over half o~ the best estimates of e actually

fell), in increments Of .0010 to .020, and in increments Of .010 there~

after. For each of these values of B, the qi which produced the least sum

of squared deviations was fOund. Then that single pair (~l' ~) which

yielded the lowest sum of squared deviations was selected as the estimate:,;

of ql and a.Using equation (4) the goodness-,of,·fit was computed for each

set of octile data. These 'chi".square values playa major role in our eval~

uation and comparison Of the two~element and linear models.

EvaluationoftwO~element~ linear models. Table 22 gives the

parameter estimates for the two~element and linear models and the results

of the goodness-of~fit tests. The number of degrees of freedom takes

into account the pooling of adjacent octiles which was required to yield



over

sufficie.l1t theoretical observatio)ls per ,cell,. There appears .to be no

consistent relation betw",en. go and glin, the two-element, model. The very

small e values in the linear model express the fact that the learning pro­

ceeded very slowly. The wide inter-subject diffeJ;'ences in ~O .and ~l

suggest large individual variation in initial ability.

With 5 degrees of fre",dom a X2 of 11.1 is requ~red for pignificance

at the .05 level. .With 6 degrees of freedom, the corresponding figure is

12.6. Of the 54 X2 values, nine are significant at the ,05 level for

the two-element model, and eleven for the linear model. According to this

comparison, the two-element model is slightly superior. An overall eval-

uation of the models was also performed in the following manner. For

each model, the goodness of fit was det,ermined by summing the X2

all sets of data in Table 22. The sum was 291.350 for. the two-element

model (228 degrees of freedom) and 587.327 for the linear model (288 degrees

of freedom). The normal approximation yielded z = 2.808, p < .005 for

the two-element model, and z= 10.297, p < .0001. for the linear model. If

2
subj",ct 2, Set 4 is omitted from the linear model calculations, X = 392.972,

d.f. = 283, z = 4.265, .and again p < .0001. Therefore, it may be concluded

that the deviationp between. either model and the data are highly signifi-

cant. Owi,ng to the large number of observations included in the analysis,

this fact is not surprising. A more informative measure of the adequacy

of the models conpistsin comparing thec,sum' 'of. their ..:,l s'~ On, this basis,

the tWO-eleme.nt ,model :1", ciLearly :superior.

Some tentative conclusions. As the results just given indicate, the

overall comparison of the two-element and linear models is favorable to



the two-element model. Also, both of these models fare better than the

simple one-element conditioning model. The not' unexpected superiority of

the two-element model to the one-element model follows from the fact that

l' in the former model was never equal to eight, the value which reduces

to the one-element model. The linear model is more adequate than .the one­

/\.
element model, since the case ~ equals zero (which reduces to the one-

element model for our pre-learning data) rarely obtained. It is somewhat

surprising that the two-element model turns out to be superior to the

linear model, for as remarked earlier, the complexity of the auditory stim-

ulus material used in the experiment could easily have led to results

favoring the linear model. On the other hand, the goodness of fit of the

two-element model to the 54 cases of individual data is not close enough

to warrant the drawing of any decisive inferences concerning the number

of aspects or properties of the auditory stimulus material which determine

the response conditioning of subjects. That a stimulus sampling model with

a small number of elements works fairly well is encouraging. Infuture

work, we hope to pursue more deeply the identification of those aspeets of

the stimulus material that are most important in determing responses, but

we also realize that it is very likely the case that models of greater

formal complexity will be necessary adequately to accouptfor all major

aspects of the data. We certainly do not feel that the present application

of mathematical learning theory to learning in a linguistic context is to

be regarded as other than a tentative first step.



Figures 12-44 Observed and predicted (two-element model)

proportions correct per octile for the Indicated pairs.

Subject number appears in lower right corner.
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AppelldiiA .

RusSian Minimal Pairs

1 fa-va 41 se-ze 81 ta-da
2 fa-fa 42 se-se 82 ta-ta
3 Ya-ya 43 ze~ze 83 da-da
4 va-fa 44 ze-se 84 da-ta
5 fo-vo 45 si-zi 85 to-do
6 fo-fo 46 si-si 86 to-to
7 YO-YO 47 zi-zi 87 do-do
8 vo-fo 48 zi-si 88 do-to
9 fu-vu 49 si-zi 89 tu-du

10 fu-fu 50 si-si 90 tu-tu

11 vu-vu 51 zi-zi 91 du-du
J2 vu-fu 52 zi~si 92 du-tu
13 sa-za 53 pa-ba 93 te-de
14 sa-sa 54 pa-pa 94 te-te
15 za-za 55 ba-ba 95 de-de
16 za-sa 56 ba-pa 96 de-te
17 so-zo 57 po-bo 97 pi-bi
18 so-so 58 po-po 98 pi-pi
19 zo-zo 59 bo-bo 99 bi-bi
20 zo-so 60 -no-po 100 bi-pi

21 su-zu 61 pu-bu 101 ti-di
22 su-su 62 pu-pu 102 ti-ti
23 zu-zu 63 bu-bu 103 di-di
24 zu-su 64 bu-pu 104 di-ti
25 se-ze 65 pe-be
26 se-se 66 pe-pe
27 ze-ze 67 be-be
28 ze~se 68 be-pe
29 sa-za 69 ka-ga
30 Sa-sa 70 ka-ka

31 za-za 71 ga-ga
32 za-sa 72 ga-ka
33 so-zo 73 ko-go
34 80-S0 74 ko-ko
35 zo-zo 75 go-go
36 zo-so 76 go-ko
37 su-zu 77 ku-gu
38 su-su 78 ku-ku
39 zu·-zu 79 g'.l-gu
40 zu-su 80 gu-ku
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Appendix B

CV Pairs Used in Pilot Studies

Pilot Study 1

vv'kji-kji sea-aho ka-ka
kji-xji ¥~o-¥~o ka-xa
xji-kji shu-shu xa-ka

'IV
xji-xji shu-scu xa-xa

vvseu-shu ko-ko
\IV ¥v ko-xosa-sa scu- ell

sa-tsa xo-ko
tsa-sa cha-cha XO-XQ

tsa-tsa cha-tja ku-ku
se-se tja-cha ku-xu
se-tse tja-tja xu-ku
tse-se·: chi-chi xu-xu
tse-tse chi-tji
si-si tji-chi sja-sja
si-tsi tji-tji sja-tsa
tsi-si cho-cho tsa-sja
tsi-tsi cho-tjo tsa-tsa
su-su tjo-cho sje-sje
su-tsu tjo-tjo sje-tse
tsu-su chu-chu tse-sje
tsu-tsu chu-tju tse-tse

tju-chu sji-sji
sha-sha tju-tju sji-tsi
sha-~~a tsi-sji
¥~-sha l<fi e-kje tsi-tsi
vv vv sjo-sjoscarsca klje-tje
shi-shi tje-kje sjo-tso
shi-¥~i tje-tje tso-sjo
¥~i-shi l<'ji-kji tso-tsovv. VV.
sCJ.-sCJ. kji-tji
sho-sho tji-kji
sho-¥~o tji-tji
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cha-cha
cha-tsa
tsa-cha
tsa-tsa
chi-chi
chi-tsi
tsi-chi
tsi-tsi
cho-cho
cho-tso
tso-cho
tso-tso
chu-chu
chu-tsu
tsu-chu
tsu-tsu



Pilot Study 2

pi-pi
pi-pji
pji-pi
pji-pji
bi-bi
bi-bji
bji-bi
bji-bji

ti-ti
ti-tji
tji-ti
tji-tji
di-di
di-dji
dji-di
dji-dji

si-si
si-sj i
sji-si
sji-sji
zi-zi
zi-zji
zji-zi
zji-zji

Appendix.B (continued)

mi-mi
mi-mjj:i
mji-mi
mji.-mji
ni-ni
ni-nji
nji-ni
nji-nji

li-li
li-lji
lji-li
lji-lji
ri-ri
ri-rji
rji-ri
rji-rji

la-la
la-lja
lja-la
lja-lja
ra-ra
ra-rja
rja-ra
rja-rja
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tje-tje
tje-tse
tse-tje
tse-tse
tja-tja
tja-tsa
tsa-tja
tsa-tsa
tsi-tsi
tsi-tji
tji-tsi
tji-tji
tjo-tjo
tjo-tso
tso-tjo
tso-tso
tju-tju
;tju-tsu
tsu-tju
tsu-tsu

sje-sje
Bje-tse
tse-sje
tse-tse
sju-sju
sju-tsu
tsu-sju
tsu-tsu

so-so
so-tso
tso-so
tso-tso



App"ndix C

Proportions of Errors in Pilot Studies of Consonant

Phoneme Discrimination

Pilot Study 1

l.'., ,.'-,

No. of
Contrast Vowel Items p(error)

/kj : Xj/ i 4 .14

/s : ts/ a, e, i, u 16 .13

Ish ¥'t/ a, i, 0, u 16 .06

/ch tj/ a, i, 0, u 16 .05

/kj tj/ e, i 8 .03

/k : x/ a, 0, u 12 .02

/sj ts/ a, e, i, a :1,6 .0:1,

/ch ts/ a, i, 0, u 16 .00
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Appendix C (continued)

Pilot Study 2 (Each contrast involved four items)

Contrast Vowel p(error)

Is tsl 0 .28
Iz zjl i .17
11 Ij/ i .11

Is Sjl i .10

In njl i .09
11 Ijl a .08
ISj : tsl e .08
Itj : tsl u .07
Ip pjl i .06
Id djl i .06

Ir rjl a .06

Ir rjl i .06
Isj : tsl u .05
Its : tjl e .04

It : tjl i .04

1m : mjl i .03
Itj tsl a .02
Itj tsl 0 .01
Itj tsl i .00

Ib : bjl i .00
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Appendix D
Response Dependency Analysis

1 ~ error o ~ correct
Quartile

Sub-
ject p(llo) p(111) p(llo) p(111) p(110) p(111) p(llo) p(111)

l. .162 .261 .185 .183 .171 .217 .166 .156
2. .169 .221 .185 .162 .248 .217 .194 .090

3. .185 .230 .211 .250 .225 .258 .133 .120
4. .062 .3lj.l .038 .067 .024 .ogo .030 .000

5. .156 .180 .092 .086 .076 .069 .047 .056
6. .109 .182 .051 .000 .033 .000 .016 .000

7· .217 .217 .168 .115 .119 .167 .077 .206
8. .109 .163 .060 .000 .042 .063 .011 .000

9· .129 .104 .100 .190 .106 .122 .056 .087
10. .119 .130 .053 .095 .055 .047 .035 .133
11. .090 .162 .112 .116 .116 .152 .056 ,091
12. .058 .045 .038 .067 .041 .000 .033 .077
13. .250 .314 .320 .261 .276 .290 .221 .152
14. .140 .196 .142 .237 .146 .145 .093 .059

15· .178 .233 .186 .150 .172 .113 .076 .036
16. .163 .190 .098 .154 .066 .080 .027 .000

17. .223 .286 .217 .154 .228 .190 .156 .194
18. .168 .209 .138 .182 .152 .183 .073 .000

19· .247 .292 .273 .299 .288 .356 .261 .275
20. .157 .206 .153 .197 .096 .108 .080 .034

Mean
Propor-
tion ,155 .203 .141 .148 .134 .139 .092 .088
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