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Abstract

The development of machine translation of human language has been impeded,

initially by over-expectation, and subsequently by a lack of impartial and quanti-

tative methods to measure its e�ectiveness. In this paper we describe a pilot study

designed to explore the use of standardized reading comprehension tests in the eval-

uation of machine translation systems. In an investigation of the value added by a

French-to-English machine translation system, we �nd a substantial enhancement

of ability for non-French-trained participants. Our conclusions are supported by

a rigorous statistical analysis. An approach of this type, which we advance as a

general methodology, provides a structured method for systems evaluation, and one

that is adaptable to more complex evaluation issues.

Introduction and Background

Machine Translation (MT), a computer-based application that seeks to convert

the content of a passage provided in one human language to another, preserving as

much of the original meaning as possible, was one of the �rst large applications in

Arti�cial Intelligence (AI) funded by the U.S. government. It received considerable

attention until the mid-sixties when, following a negative assessment by the Auto-

matic Language Processing Advisory Committee, government funding was severely

curtailed [1]. The over-optimism associated with AI in general, and with MT in

particular, subsided, and the translation e�ort has continued on a much smaller

scale with gradual, but marked, advances.

As international interaction has increased, both commercially and politically,

the need for translation has increased in tandem. The Army in particular, with

its land operations in foreign countries and its use of coalition forces, stands to

bene�t from translation tools. At the same time, our understanding of what can

and cannot be automated has made our expectations of the contribution of AI

more realistic. As a result, machine translation, with its capabilities and its lim-

itations, has recently received more favorable attention from both the commercial

and defense communities. There are a variety of translation systems on the mar-

ket, ranging from quick word-to-word translators to deep syntactic and semantic

analyzers. Defense e�orts like the Army's Forward Area Language Converter (FAL-

Con) program [2] and DARPA's Trans-lingual Information Detection, Extraction
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and Summarization (TIDES) program [3] are examples of ongoing e�orts to leverage

and develop translation tools to support the soldier at all echelons.

The availability of sound MT system evaluation techniques, however, continues

to be an issue [4]. The number of languages, the di�ering technical approaches,

and the very complexity of human language itself, all present barriers to assessing

the operational e�ectiveness of MT systems. In earlier studies, a variety of evalua-

tion techniques were employed. Most involved subjective assessments of translation

quality, emphasizing the correctness of the output syntax, morphology, and seman-

tics.

In 1993 DARPA funded a three-component evaluation of MT technology, ad-

dressing adequacy, 
uency, and informativeness. As in previous evaluations, each

component was measured subjectively. The third, however, presented an interest-

ing alternative concept. A paragraph was machine translated to English and the

participant was given a series of SAT-like questions and asked to assess to what

degree the answers could be found in the MT output [5]. Earlier studies concluded

that informativeness was the least useful of the three components [6]. We, however,

�nd it potentially the most useful, given one critical change: rather than subjec-

tively assess the degree to which information can be found in the translation, simply

have the participants actually answer questions based on the MT output. That is,

give participants a standard foreign language reading comprehension test that is

converted to English via MT.

The strengths of this comprehension-based approach are twofold. First, it fo-

cuses on the system as a pairing of the MT tool with its user. Instead of asking how

good the machine-produced translation is, it focuses on the more tractable issue of

how much better a translation task can be performed when given access to machine

translation. Second, it moves evaluation from the subjective to the objective realm,

using the number of correctly answered questions on the reading comprehension

test as a measure of the system's operational e�ectiveness.

Our research further explores the use of reading comprehension tests to establish

a baseline in the evaluation of MT technology. We consider the speci�c concerns

identi�ed in previous studies, re�ning the approach to establish a formal evaluation

method. Next, we describe the results of a pilot study in which we employ a

standardized reading comprehension test to assess the e�ectiveness of a French MT

system.

The Pilot Study

Applying formal statistical techniques to the results of the pilot study, we address

three research questions.

Are test scores for untrained participants without access to MT equivalent to random

guessing?

If we hope to measure the e�ect of a French MT in improving reading comprehension

for non-French-readers, we need to establish their level of performance absent MT

support. While one might assume that participants without MT are randomly

guessing at answers, the similarities between French and English may provide cues
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(or possibly even miscues) that negate this assumption. In our pilot test, we provide

questions in both French and French-to-English-via-MT formats. Future testing

would be simpli�ed if we could verify the randomness assumption, eliminating the

need to include the original French questions. Using a binomial hypothesis test, we

verify that test scores for untrained participants without access to MT are, indeed,

indistinguishable from random guessing.

Twenty participants, with no formal training in French, took the reading com-

prehension portion of the 1995 SAT II: French Subject Test [7].� The reading com-

prehension portion consisted of 29 multiple-choice questions, each with 4 possible

answers. The participants answered a combined total of 151 questions correctly.

If the responses were the result of random guessing, the number of correct re-

sponses follows a binomial distribution

b(x;n; p) =

�
n

x

�
pxqn�x; x = 0; 1; : : : ; n (1)

with parameters n = 20� 29 = 580 and p = 1

4
.

To test the hypotheses

H0: The results|number of questions answered correctly|do not ex-

ceed what one would expect from guessing,

Ha: The results exceed what one would expect from guessing,

it is su�cient to evaluate the sum

580X
x=151

b(x; 580; 1
4
): (2)

This sum is the probability of observing 151 or more correct responses if the

participants are guessing. Evaluation of expression (2) yields a p-value of 0.30, far

too large to reject the null hypothesis. The distribution of b(x; 580; 1
4
) shown in

Figure 1 suggests the adequacy of a normal approximation. We chose to evaluate

expression (2) directly due to its ease of computation.

How do test scores for participants without access to MT compare to their test scores

when MT is available?

This question provides insight into the critical evaluation issue of whether or not

a selected MT system provides value. Using the Wilcoxon Signed-Rank Test, we

�nd that test scores for untrained participants are signi�cantly higher when given

access to MT.

Upon completion of the exercise detailed above, the participants then proceeded

to respond to the identical test after it had been submitted to SYSTRAN MT

software [8] for translation into English, their native language. At the conclusion

of this phase, we had at our disposal a set of 20 paired observations, (xi; yi); i =

1; 2; : : : ; 20, the number of questions answered correctly before- and after-MT.

�Copyright c
1998 by College Entrance Examination Board. All rights reserved.
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Figure 1. The Distribution Of b(x; 580; 1
4
).

To investigate the impact of the MT system we chose the Wilcoxon signed-rank

test with hypotheses

H0: The MT system has no discernible impact on the ability of the

participants to respond correctly,

Ha: The MT system has a discernible impact on the ability of the par-

ticipants to respond correctly.

Formally, the hypotheses involve comparison of the before-mean E(X) and after-

mean E(Y ).

H0: E(Y ) � E(X)

Ha: E(Y ) > E(X).

For these data, presented in Table 1, we have xi < yi 8 i, with one exception.

In that instance, a tie occurred. Rejection of the null hypothesis is thus assured a

priori. The p-value for the Wilcoxon test applied to these data was determined to

be less than 0.005.

How do test scores for untrained participants using MT compare with those of par-

ticipants who have two or more years of strong French language study?

At this point, we take full advantage of the fact that we have constructed the pilot

study from the 1995 SAT II: French Subject Test, for which detailed statistics are

available on the test scores of over 3,000 students. The recommended preparation

for taking the French SAT is 3{4 years of French language study in high school, or

two years of strong preparation. Using a two-sample t-test, we �nd that test scores

for untrained participants with access to MT are signi�cantly higher than those of

French-trained participants that took the same French SAT test in 1995.

To compare the level of performance of the test participants with that of stu-

dents taking this College Entrance Board exam, we chose a two-sample t-test with
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Table 1. Number of Questions Answered Correctly

Participant Without MT With MT

1 10 21

2 6 14

3 9 18

4 8 21

5 6 21

6 4 17

7 7 19

8 10 21

9 6 17

10 7 15

11 11 17

12 6 22

13 9 9

14 7 21

15 9 23

16 10 20

17 6 18

18 9 20

19 4 14

20 8 9

population variances unknown. We were able to extract from information provided

by the testing service an estimate of the mean and variance of student test scores

based on a sample of well over 3,000 applicants, more than adequate to support

a normal population assumption. The test score for an ith participant may be

modeled as xi� =

29X
j=1

xij, where xij is a Bernoulli random variable with parameter

pj. The number of summands, 29, is su�ciently large to support a second normal

assumption (under the Central Limit Theorem) for the conceptual population of

untrained participants.

We established the hypotheses

H0: The participants' MT-enhanced performance did not exceed that of

students taking the college entrance board exam.

Ha: The participants' MT-enhanced performance exceeded that of stu-

dents taking the college entrance board exam.

Formally, the hypotheses involve comparison of means of the two populations

H0: E(X) � E(Y )

Ha: E(X) > E(Y )

where E(X) denotes the mean of the hypothetical population of participant scores

and E(Y ) the mean of the population of student scores.
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Upon evaluation of the t-statistic with 19 degrees of freedom, the null hypothesis

H0 was rejected with an associated p-value of less than 0.005. These data suggest

that untrained participants, with the aid of an MT device, not only rise to the level

of, but exceed, the performance of students taking the College Entrance Board

exam.

A graphical summary of the three research questions appears in Figure 2.y For

the statistician, this additional detail might be super
uous, but for the audience we

hope to persuade, it is more likely essential. Someone for whom binomial,Wilcoxon,

and t-tests are unfathomable jargon, let alone hypothesis testing and p-values, can

still appreciate the striking similarity of Figures 2a and 2b (question one); that the

histogram in Figure 2d lies to the right of that in Figure 2b (question two); and

that the histogram in Figure 2d is to the right of that in Figure 2c (question three).

The raw data underlying Figure 2 is presented in Table 2.

The three tests|the binomial, Wilcoxon, and Student's-t|are a priori nonor-

thogonal contrasts whose signi�cance levels (p-values) must be accounted for at the

experimental level. We chose to address this by applying a Bonferroni correction for

the hypotheses tested. The Wilcoxon and the t-test, by virtue of their exceedingly

small p-values, remain highly signi�cant.
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Figure 2. Graphical Summary of Pilot Study

yIn panels b{d the raw data are simulation enhanced.
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Table 2. Number of Participants Answering Each Question Correctly

Question Without MT With MT SAT

Number Count % Count % %

1 5 25 18 90 88

2 5 25 7 35 75

3 7 35 15 75 73

4 8 40 7 35 38

5 9 45 5 25 41

6 3 15 18 90 69

7 3 15 12 60 53

8 3 15 19 95 49

9 5 25 18 90 63

10 5 25 16 80 57

11 6 30 13 65 61

12 6 30 17 85 57

13 10 50 16 80 63

14 9 45 2 10 17

15 4 20 14 70 39

16 2 10 14 70 55

17 3 15 19 95 67

18 1 5 17 85 31

19 4 20 4 20 47

20 8 40 3 15 28

21 7 35 16 80 57

22 5 25 7 35 52

23 5 25 14 70 20

24 4 20 18 90 51

25 2 10 5 25 26

26 5 25 4 20 54

27 7 35 9 45 26

28 4 20 15 75 44

29 6 30 15 75 53
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Conclusion

In conclusion, we submit the method outlined in this study as a general MT eval-

uation technique. Its emphasis on quantitative measures of e�ectiveness provides

a greatly needed structure for impartial and statistically sound assessments of the

e�ectiveness of MT systems. Further, the approach is 
exible enough to expand and

adapt to more complex issues, such as evaluating improvements to a single system

under development, comparing widely diverse commercial and research systems,

and assessing various user characteristics on MT e�ectiveness.
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