VIJ. &xperimental Results

The results of this study are presented in five weneral
sectiona:

a) A comparison of the improvement in retrieval per-
formance observed for the Cranfield 200 document collection
with that obtained for the ADI 82 document collection used
by Riddle, iorwitz, and Dietz L11J,

b) An investigation of strategies that use only k',
the set of relevant docﬁmenta retrieved, to update the
query. The different algorithms are obtained by varying
the parameters n, e, and O< in the query-update formula.
The "increasing alpha strategy™ of Kiddle, Horwitz, and
Dietz is included among the methods tested.

é) An investigation of the effect of the number of
documents given to the uséf for feedback on each iteration.

d) An investigation of strategies that use both rele-
vant and non-relevant documents retrieved to update the
query.

e) An investigation of the retrieval characteristics

of selected subgroups of queries.
w7

p\.

two collections are Qasentially'bhe same except at the

A. Comparison of the Cranfield and ADI Collections

The initial search results, before feedback, for the

ends of the recall-precision curves. Below 30/ recall, the
precision of the ADI initial search is from 2 to 7% better
than that of thé Cranfield initial search. Above 0% recall
the precision in the Cranfield initial search is from 2 to

6% better,
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This result is interesting because there is reason to
expect that performsnce in the Cranfield collection would
be worse. Cleverdon and Keen point out that in a col-
lection with a higher "generality number", that is, with
a higher ratio of relevant documents to collection size,
performance is better with respect to precision 118].

The averayge generality number of the ADI collection is
over twice that of the Crenfield collection. The gener-
ality number in a collection of practical size would be
even lower than that of the Cranfield collection,

Because the initial search results differ, the total
performance improvement caused by feedback in the recall-
precision curve is used for comparison of the two collec=
tions. All thirty-five queries are used to search the
ADI collection. The "increasing alpha strategy'" of liiddle,
Horwitz, and Dietz is the update formula, and five docu-
ments are given the user on each iteration.

Figure 3 shows the differences in total performsnce
precision for all recall levels between the initial search
and the first =and secoﬁd feedback iterations for each
collection. In the Cranfield collection, relevance feed-
back causes greater improvement than in the ADI collection.
Also, the second iteration results in a greater improvement
over the first in the 200 document collection. The dif=-
ference in generality betweea the collection would be

expected to cause less 1mprovament in the larger colleotionlle].
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The ;reater effect of relevance feedback in the Cranfield
collection could be due to any or all oif the following
factors:

a) The difference in subject and in the language of
the subject. It 1is pdssible that the terminology of
aerodynanics 1s ‘harder', that is, more limited snd pre-
cise, than the vocabulary of the newer field of computer
science. Retrieval of documents from a harder subject
area would be expected to be better.

b) The difference in collection scope. The ADI col=-
lection covers a2 wider subject area within computer science
than does the Cranfield collection within serodynamics. A
narrower subject area should provide better retrieval,

¢) The difference in variability within the collections.
The 200 documents were chosen frou 1400 documents concerned
with aserodynamics. The 82 document coliection consisted of
short papers presented at a sinzle conference. Since the
Cranfield 200 documents vary more in such parametors as
vector length and terminology, relevant documents migzht
be easier to distinizuleh from non-relevant documents.

d) The difference in query construction and relevance
Judzments mentioned in Section III., It is encourasing to
find that in the more realistic Cranfield enviroament,

relevance feedback causes more rather than less improvement

in perforzance.
B® Strategies Using Relevant Documents Only

Two of the experiments of Riddle, Horwitz, and Dietz [11]

are repéatcd for the Cranfield collection. To simulnte their



37

experiments with equation D of Section IV, the parameter O¢
is varied; =n is kept equel to 1, and 4 and e equsal

to O. Both the "increasing alpha”" and "constant alpha"
strategies are employed.

Fisgure 4 clarifies the effect of the "increasing alpha
strategy™ and the "constant alpha strategy" for the first,
second, and third iterations of a feedback run, evalua-
ting total performance. The R® column shows the factors
which multiply & relevant document retrieved on the initial
search, R1 shows the multipliers affecting a relevant
document which is not retrieved until the first iteration,
and _R2 shows the multipliers affecting a document not re-
trieved until the second iteration. Figurq 4 assumes that
a document once retrieved is retrieved on all succeeding
iterations; in the experimental system this assumption is
generally correct. ‘

It is clear that both the constant and increasing alpha
strategies give a document retrieved on an earlier itera-
tion more significance in later queries. On the third
iteration, the constant alpha strategy assiens to a document
retrieved on the initial search three times the significance
it gives a second iteration document (the respective mul-
tipliers are 3 and 1). The increasing alpha strategy
assigns to an initial search document twice the significance
of a second iteration document (the respective multipliers
are 6°and 3), Thia.effect stems from the use of the pre-

vious query Q1 as an element in the equation., To assign
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TOTAL PERFORMANCE iter  Q R° Rt R
| . 1 1 1 0 0
"increasing alpha strategy" 2 1 3 2
| o ' 3 1 6 5
1 1 1 0 0
"constant alpha strategy" 2 1 ) 2 1
> 1 3 2
1 1 1 0] 0
| "Q, strategy" i 2 1 1 1
5 1 1 1
FELDBACK EFFECT 1 1l 1 0 0]
"feedback incrementﬁv 2 1 1 1
5 1 1 1

Effects of 'Relevant Only' on the Multipliers

of Documents Retrieved on Three Successive Iterations

Figure 4



39

the same significance to relevant documents whenever they
are retrieved, it 1s necessary to substitute ‘o for 41
in the formulaj that is, to let n = 0 and w =1 in

equationlgf’ This is called the ”Qo strategy" in Figure 2.

Riddle, Horwitz, and Dietz [11] report that for the 82
document collection, the "increasing slpha strategy" performs
somewhat better than the constant slpha strategy. In the
Cranfield collection, the three stratesies shown in Figure
2 give essentially the same results when N = 5, Using the
4, strategy with different relative values of w &nd o<
also does not change performance. {uery updste perameters
(in equation D) for the six experimente performed are shown
in Figure 5. Among all s8ix experiments, the differences
in normalized precision and recall are less than 0,75%
for all iterations,

In total performance, six strategies using only rele-
vant documents differ very little. Three additional ‘rele-
vant only' algorithms are compsred using feedback effect
evaluation., One of these strategies sets ©<¢ and n equal
to 1 4in formula D. This strategy, called Feedback lncre-
ment, is not equivalent to the constant alpha strategy
because the feedback effect evaluation provides new docu-
ments for feedback on each iteration. Figure S shgya that
the Feedback Increment strategy gives the same weighting
'effects as does the Qo strategy. These two stratesiess are
identical on the first iteration, but on subsequent itera-
tions the feedback effect evaluation may retrieve different

documents.
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= Nfﬁf-na'N’ nb-O, p=0

TOTAL PIRFORMANCE n w -

increasing alpha

constant alpha 1 0) 1
Q strategy o . 1 1
Qo weighting query double 0 2 1‘
Q, weighting query hglf' 0 1 2
Q, weighting query gix’times 0 6 1
FEEDBACK EFFECT
Feedback incrementif,” - | 1 0 1
 Feedback Q | ,  B! 4 1
- Feedback Rocchioff.if , | n o 0 n

Query Update Parameters for Relevant Only Strategies

. Using Only Relevant Documents

‘Figure 5
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Another strategy using feedback effect evaluation,
called Q°+, gives added weight to the original query on
each iteration by setting w equal to 4 (o¢ = 1, n = 1), A
third strategy is Rocchio +, the Rocchio strategy without
non-relevant documents. In effect, of equals n.ng and =n
equals ngy 80 o¢ and n vary with each query.

Differences in feedback effect among these three
methods are trivial. For the two overall measures and the
recall-precision curves, the largest difference is 1.25
per cent. The document curves are more sensitive in general
to performance differences, especially in recall. The
largest difference is 3% in recall at a 40 document cut-off.
Most differences in all measures favor the Qo+ strategy.

The 200 document collection seems quite insensitive to
variations in the parameters n, w, and ©¢, The considerations
mentioned in section VI-A are probably relevant here also.
This insensitivity indicates that perhaps the performance
for the Cranfield collection is more stable in general than
for the ADI collection. Hvidence of comparative stability
is also reported by Lesk and Salton [19}. The performance
differences between automatic use of the word stem thesaurus
and a regular subject-area thesaurus (see Section II) eare
less pronounced in the Cranfield 200 collection than in the
ADI collection. »

It is evident from the reported experiments that the
woighp assigned to the original query has little effect on
- retrieval. This finding tends to support the conclusion of
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Crawford and kielzer [12] that the original query is not
needed after the initiasl search (Section III). The alvan=-
tage of their strategy over equation B is probably not caused
by the omission of the initial qQuery when rclevant docu-
wents are found, but by the non-relevant document feed-

back used when no relevaat documents are found (see Section
Vi=D)e

C., Amount of reedback Output

Tne number of documents fed to the user is a critical
perazmeter in a relevance feedback system., Of course, per=
fornance improves when the user supplies more information,
This improvement must be evaluated in terms of the extra
effort required of the user.

Figure © shows the total perforuance of the "increasing
alpha strategy" when 5, 10, and 15 documents are fed to the
user for relevance judgmentis. The total performance im-
provenent between the N = 5 and N = 10 curves ui-~ht justi-
fy doubling the number of relevance Jjudgments the user nust
nake; that is, a hypothqticak "average" user might be willing
to double his effort to achieve such an improvenent, Tri-
pling the feedbacx to produce the N = 15 curve miyht not
be justified by total performance, especially at the high
recall end of the curve,

Caution is necessary in interpreting the feeéback
effect evaluation when N is varied, because the feedback
effocf evaluation gives an unfair advantage to runs using
few docgmenta for feedback., When five documents are used

for feedback, ranks 1l-5 are frozen on the first iteration

-
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'Figure 6
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and ranks 1=-10 on the second (see Section V-C). VWhen ten
docunments are fed back, however, ranks 1-10 are frozen on
the first iteration and ranks 1-20 on the second. The dif-
ference in results caused by increasing the number of doc-
uments fed back 1is tﬁbrofore minimized by the feedback

effect process.

Recall-precision curves for the feedback effect are
not presented in this ﬁection, because the minimizing ef-
fect described above is averaged into different recsll
levels for different queries. For example, assume that
query & has four relevant documents and query b has
two. . Sach query retrieves the first relevant document with
rank 8., When five documents are used for feedback, each re-
trieves the first relevant document with rank 6. Vhen ten
documents are used, of course rank 8 is 'frozen' by the
feedback effect evaluation. Consider the effect of these
queries on thesrecall-precision averages for the first iter-
ation, When ten documents are used for feedback, neither
query improves these averages. When five are used, query
a improves the recall-precision averages from 5% to‘29%
recall, but query b improves fhe recall-precision aver-
ages from 5% to 50% recall.

Thus it is hard to judge the significance of any dif-
ference in resulta‘caused by differences in feedback output,
Figure 7 shows the document curves for two iterations of
feedback with N equal to 5, using the Feedback Increment

algorithm, Figure 8 uses these curves as a norm for compar-
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ison with the results of less feedback and of more feed-
back. The document curves of Figure 7 are represented in
Figure 8 by the straight line at zero difference. The
differences between N=10 and N=5 for two iterations
and between N=2 and N=5 for one iteration are graphed.
The N=2 differences, indicated by 'a{‘, are positive

at first because ranks 3-5 are frozen for the N=5 curve.
This initial advantage fédes after 10 documents and the
N=2 results are lower than the N=5 norm thereafter.

The N=1lO0 curves for both iterations are affected by the

feedback effect evaluation. The first iteration gains
higher performance than N=5 after 13 documents. The se-
cond iteration curves cross the HN=5 norm after 15 docu=-
ments, even with ranks 1-20 frozen. After 40 documents
have been retrieved, the differences in both recall and
precision for the first iteration are slight; the N110
advantage on the second iteration is slight but consistent.
After 20% of the collection has been searched, the
differences in -feedback effect observed in Figure 8 are
quite low. However, the marked improvement in early re-
trieval caused by additional feadback might Jjustify the
additional user effort and system output required, es-
pecially if further feedback iterations are desired.
¥oreover, it is important to note that certain use;s get
no bénefit from any feedback strategy using only relevant
documents. These are the users who find no relevant in

the first K documents retrieved. For N«5, 10, and 15,
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the number of queries retrieving no relevant on the ini-
tial search is given in Figure 6, in the table below the
graph. This table probably explains much of the perfor-
mance difference among the three strategies. Eleven
queries in the N=5 éase produce the same low perfor-
mance on the initial search, first iteration, and second
iteration. These low results are averaged into all the N=5

curves., The N=10 curve is pulled down by only five such
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queries, and the N=15 curve by only two. In bthe L=5 case,
one quarter of the users are not assisted by the chosen
feedback strategy, a large proportion for & practical
retrieval system, For these unlucky users, feedback of
more documents is worth the effort.

A variable feedback strategy is here proposed which
might save effort to the average user and give better ser-
vice for more effort to the user who does not find a rele-
vant document early in the initial search, iach user is
fed retrieved documents until he finds one relevant docu=-
ment that he hasn't seen on any previous iteration. The
relevant document found is immediately used to produce a
new query. The success of this strategy depends on the
ability of a single relevant document to improve the re-
trieval performance.

Figure 9 shows the total performance results of two
iterations where the "user" is instructed to search the
retrieved documents until he finds one new relevant docu-
ment or until he has‘seen 15 documents. The " A" curve in
Figure 9 shows what happends when the user is instructed
to find two new relevant documents. Only one iteration of
the latter scheme was run becsuse several queries do not
have four or more relevant documents.

The first iteration feeding back one relevan; document
begins near the N=15 curve of Figure 6 but by 50% recall has
droppéﬁ near the first iteration N=5 curve, which has been

superimposed on Figure 9. The table below the graph shows
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that the "average" user had to scan only four documents
for feedback in order to achieve the performance displayed
in the first iteration "o" curve. By contrast, each user
looked at exactly 5 documents to produce the firat itera-
tion N=5 curve. The firat iteration strategy of feeding
back only one relevant document gives equal or better per=-
formance for less average effort.

The second iteration "o" curve requires the average
user to search 5.9 more documents, or a total of 9.9 docu-
nentse This curve drops below the first iteration =10
curve (10 documents scanned) at roughly 55% recall (the
first iteration N=10 curve from Fizure 6 is superimposed
on Figure 9). The user desiring high precision and who may
be less interested in high recall might be wise to feed
back one relevant document for each of two iterations. [How=
ever, the user needing higher recall should instead look
at ten documents retrieved on the initial search. (These
stetements: apply to the "average" user). It is also seen
from the table below the graph that for the second itera-
tion "o" curve one quarter of the users cannot find a new
relevant document, and thus after the first iteration these
users search 15 documents to no avail., Such performance

would be quite annoying in practice. .
The average user who searches for two relevant docu-

ments in the initial output looks at 7 documents., His

recall-precision curve (" a ") drops below the first itera-

tion N=10 curve at 65%[#00311. Although 9 out of 42 users
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do not find two relevant documents in the first 15, =ll
but two of them find one relevant to feed back to the
system,

The user who feeds back two relevant documents on one
iteration ("a ") schieves better performance than doesg the
user who feeds back ohe relevant document on each of two
iterations (second iteration "o"). This result shows that
the second relevant document retrieved on the initial
search is more vnluable for feedback than the first new
relevant retrieved on the first iteration by the total per-
formance retrieval method. Feedins back one relevant doc-
uzent on the first iteration evidently pushes down some
relevant documents that are valuable for retrieval., This
finding provides a strong argument against the proposed
variable feedback strategy, at least where high recall is
desired. DPerhaps some sort of combination strategy might
be optimal; for inatancé, the user could be instructed to
feed back all relevant documents in the first five retrieved,
but if none sre found in the first five to keep looking and
feed back the first relevant document found.

One iteration of feedback effect performznce of var-
iable feedback and of the combined strategy described above
is presented in Figure 10, The differences between vari-
able feedback (feeding back one relevsnt) and constant
N=5 fesdback are graphgd (0)e After nine documents have
been retrieved the féedback advantage using the first rele-
vant document for feedback is evident. The combination

strateyy (graphed a) that retrieves at least five documents

A
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shows a greater improvement over N+5 than Joes variable
feedback. This result shows that this variable feedback
alporithm is advantageous only for those queries that re-
trieve no rele#ant among the first 5 documents. Tor those
that do retrie#e relevant within the first five documents,
the constant NQS strategy xives better feedback effect re-
sgitm. Figure 9 shows that the combination strateiy requires
the avera;e usér to look at 6.4 documents, as compared to the
4,0 documents retrieved by variable feadback.

Total performance and feedback;erfect results support
three conclusions abqgt feedback stratewies that use only
relevant documents: |

first, retrieving more documents does improve both types
of performance (except where the rank-freezing of feedback
effect evaluation prevents any improvement)., Further,
notable improvement can be obtained by searching further
if no relevant documents are retrieved in the first N.

Second, the total performance for 5, 10, and 15 docu-
ments indicates that when N 18 constant for nall queries,
the average increment of improvement obtained tends to be-
come smaller as more documents are used for feedbacke

Third, however, a comparison of the variable feedback
and codpination strategies show that the first relevant
document retrieved génerally does not contain enoussh in-
formation for retrieval, and that documents retrieved soon
after the first (N=5) can add useful information. In their
study cited in Section III, Crawford and Melzer used only
one ‘very relevant' document fof retrieval. The finding of

this etudy would indicate that if several documents are
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almost equally relevant, all of them should be used.

These three conclusions lead to a recommendation that
N be set to some value that most users would consider reasonable, -
but that for some queries N should be raised until at least one
relevant document is retrieved. This recommendation endorses
the "combination strategy" for a retrieval system using only
relevant documents.

D) Strategies Using Non-Relevant Documents

Rocchio's update formula (equation A) considers the
information contained in the set of non-relevant documents
retrieved (S) to be as important as that contained in the
set of relevant documents retrieved (R). If this is the
case, the strategies so far examined disregard half the
available feedback information. Further, information from
non-relevant documents retrieved on the initial search might
help thoseAusers who retrieve no relevant documents on the
initial search (see Section III and reference 6). Figure 6
shows that there are eleven such users out of‘42 when N equals
5. '

However, problems arise in using the non-relevant documents
in the SMART experimental system. There is no provision for
negative weights in the query vector. Also, queries and documents
cannot be normalized to the same length for query updating. There
is some danger, therefore, that the query will be reduced to
nearly the zero vector when the documents of S are sub tracted
[11]

from it. ‘Riddle, Horwitz, and Dietz try to avoid this

danger in their "negative heuristic strategy" by feeding back

only the 'first two non-relevant documents retrieved.
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The Rocchio strategy adjusts the multipliers for each
query so as to weight the original cuery, the sum of the
relevant, and the sum of the non-relevant equally, and
uses all retrieved documents.

This study compares the Rocchio and 'negative heuristic'
strategies using total performance and feedback effect measures.
All comparisons are made with N equal to 5. Figure 11
compares the Qo strategy (see Section VI-B) with a strategy
called ‘Dec Hi', that decrements each query by subtracting
from it the first retrieved non-relevant document. In the
query update formula (equation D), the parameter values and
effective update formulas for these strategies are:

QO‘ "N = 09 W = l’ O = 1’ u L 0, na = N’ n'b = Q0
QUel = Yt % Ty
DOC Hi: N = 09 W = 1’ d’. 1’ “ - "‘l’ na = N’ nb = 1

Qo ™ 9y %ri -8
Figure 11 shows that the average results are consistently
better for the "dec hi" strategy, especially on the second
iteration.

For this experiment, the implications of the total
performance normalized precision and recall results given
in Figure 12 seem inconsistent with those of the recall-
precision curves of Figure 1ll. On the first itefgtion, the

recall-precision curve for the dec hi strategy is above
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that for QW ‘at all recall levels. IHowever, the normal-
ized recall for the first iteration is lower for dec hi,
although precision is one percent higher. (On the second
iteration, the normalized recalls are the same, and the
normalized precision for dec hi is five percent higher).
This apparent paradox can be understood by considering the
normalized recall measure.

Each document retrieved is assigned a "rank" in order
of retrieval (rank 1 is the document retrieved first).
The normalized recall measure is based on the sum of the
ranks of all relevant documents in the search. A change
in rank affects this measure equally regardless of the |
magnitude of the rank. That is, a change from rank 195
to rank 191 is equivalent to a change from 5 to 1 in its
effect on normalized recall. The same is not true for
normalized precision. It seems evident that while the dec
hi strategy increases the rank (1 is considered highest)
of some of the relevant documents, it decreases the ranks
of others that are, on the average, of lower rank already.
This explains the phenomenon of higher precision at all
levels of recall but lower overall normalized recall.

Figure 13 shows how much the dec hi strategy helps the
11 users who receive no relevant documents in the first 5
on the initial search. For the "inc only" strategy, the
initial search and‘éll subsequent itefbtions are the same
for these 11 users; fhe precision being about 10 percent.

Feeding back one non-relevant document fetches at least one
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relevant document on the first iteration for 7 of these

11 users., For some of these queries, some low ranking
relevant documents are pushed still lower at first. The
relevant documents which are rais.d to the first 5, how-
ever, provide a second iteration query which often raises
’theso saxe low documents again. The first iteration curve
thus shows the most improvement at low recall, while the
second iteration shows great improvem2nt all rlonx the
recsll-precision curve.

Since the improvement in total performance for the 11
"bad" queries is so striking, it is natural to wonder whether
this gtrategy is helping or hurting the other %1 users,
Figure 14 shows a different curve for the dec hi and Qo
strategies run only on the 51 queries that retrieve at
least one relevant in the first 5 documents. A point above
the zero line indicates that dec hi i3 better than Qo at
that recall. Both iterations are better for dec hi, es-
pecielly at the high recell end of the curve, where they
" differ by as much as six percent. Since the dec hi strat-
egy improves the results'even for the "good" queries, a
heuristic strategy that aelects_only some Of the queries
(88 does the "negative heuristic strateuy" of Riddle, Hor-
witz, and Dietz) for the dec hi slgoritnm ap,ears unnecessary
in this eavironment., ' i

Figure 15 represents a total performance difference
curve ‘comparing the~"dec hi" strategy with the alternative
of decre~enting the query by subtracting the two hizhest

non-relevant documents retrieved on each iterbcion (called

4 v -
;

E ' ' )



59

N = 5 e—e initial search
and Q strategy first iteration

— 18t 1teration
-== 2nd iteration

100~

80

60~ 0=0=0=0-0-._

% precision

i | ]
0 20 40 60 80 100
' % recall h

Decrementlng the Highest Non—Relevant Document
'on Eleven Bad Queries
L Total Performance Recall-Precision Curves

S e ‘ . Figure 13



60

1lst iteration

N =5
---= 2nd iteration
+|0
Ses
o
.
= .
(0]
s

e —_ 1 L
O ~ 20 40 60 80 100
' % recall

- (Dec Hi) - (Qo)
Forvthebiﬁ Good ngries, a Comparison Between
Decrementing the Highest Non-Relevant
- and Incrémenting the Relevant Only

Total-Performance Difference

Figure 14



61

"dec 2 hi"). It shows that decrementing only one non-
relevant gives generally better results; the largest dif-
ference being a five percent hump at 40% recall in the
second iteration. In Figure 12 the normalized measures
show the same relationship; the dec 2 hi strategy is one
or two percent lower oﬂ each iteration than is dec hi. This
result may be due to the danger mentioned earlier, that the
non-relevant documents may be subtracting out most of the
query. (Only one query completely disappears using this
strategy, and it is erased also by the dec hi and Rocchio's
algorithms.) It might be possible to overcome this "dis-
appearing query" phenomenon by juggling the parameters mn,
w, & | and p, without introducing the complications of
Rocchio's normalizing method.

It was mentioned in Section VI-C that much of the in-
provenent between the N=10 and the N=5 curves of Figure
6 might be caused by the improvement on the six queries
that fetch a relevant document within the first 10 but not
the first 5 on the initial search. Seven users of the un-
lucky 11 are helped by the dec hi strategy; that is, the dec
hi strategy provides useful feedback for one more user than
does the relevant document strategy with N=10., It is per-
tinent to ask if the dec hi algorithm has, in fact, attained
the total performance of the N=10 curve. Figuré 1? shows a
difference curve between the N=10 curve of Figure 6, and the
dec hi curve of Figure 1ll. The N=10 curve is higher for the
first iteration._over five percent higher at the high re-
call end of the curve. This is understandable in view of

the lowering of low-ranking relevant documents on the first

.
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iteration, discussed earlier in this section. For the
second iteration, the dec hi curve is slightly better at
the low recall end and only slightly worse at recalls be-
tween sixty and ninety percent. Consideriny; that the dec
hi curve only require: half as much user effort (5 docu-
ments scanned instead of 10), the total performance re-
sults strongly favor this non-relevant document retrieval
strategys

The feedbsck effect results are not as encoura;ing.
Ua&hgzthe two oversall normalized measures and the recall-
precision curves, three strategies are compared and their
differences testcd with the two significance tests de=
scribed in Section V-A, the T-Test and the WSR Teste. The
tﬁree strategies that are compared in feedback effedt per-
formence are:

Feedback Dec Hi: The Dec Hi strategy with the

feedback effect retrieval method, using the

first retrieved non~relevant document,

Rocchio: Rocchio’s recommended stratezy (withe-

out normalized veobobs) using all retrieved

documents.

Q°+ ¢ The strategy described in Section VII-B,

that gives added weight to the ofiginal query

and uses only relevant documents, ’

The difreronceq in feedback effect recell-precision
curves among these strategies are not significant. The

largest differences found were l.3% in the first iteration,
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significant at the 30% level, and 2.0% in the second iter-
‘ation, significant at the 1l1% level. The largest difference
betveen y + and any other strategy was 1,.,2%, significant at
the ©4% level. These significance fijures were obtained
using the less conservative T-test. Figure 17 shows the
differences among the three strategies in norﬁali:ed re-
call and normslized precision. The feedback effect results
agree with the total performance results in showingz a drop
in normalized precision for the two non-relevant document
strategies on the first iteration. The five percent dif-
ference between Qo* and feedb:ck Dec Hi is siznificsant
at the 6. level, and the six percent difference betlrecn
<ot and Rocchio is significant at the 3% level, according
to the T=-test. However, the Wilcoxon {ipned-Rank Test
(wSR) indicates that the two alygorithms do not give sig-
nificantly different results. The significance level com-
paring Q°+ and feedback Dec li is 4€%, and that comparing
<o+ and Rocchio is 9506

These different significrnce levels must be considered
in the light of the characteristics of the two significance
tests. The T=test takes account of magnitude, the «GR test
considers only rank. £&vidently, differences favoring ot
and differences favoring the non-relevant document strategy
are mixed in rahk, producing insignificant results on the
WCR test. Yet, aoﬁe of the results favoring Qo* (not all,

becaugse the ranks are mixed) must be very large in magnitude,

to give significant indications on the T=-test, Thus, for
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Iter Yo Y
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g8y 2 7.0 9.4 3.0 29.6

-45.6

Statistical Comparison of Feedback Effect

Relevant and Non-Relevant Document Strategies

e Norﬁalized Recall and Precision

Figure 17
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some qQueries, the Rocchio and Feedback Dec Hi algorithms
must be much less effective than  + as measured by nor-
malized recall, while remaining effective as measured by
normalized precision.

The normalized recall obtained by feedback effect eval=-
uation shows the same behavior as the total performance
normalized recall on the first iteration. Both evaluation
methods lead to the conclusion that the use of non-relevant
documents for feedback apparently raises the ranks of fairly
high-ranking relevant documents, and at the same time lowers
the ranks of some low-ranking relevant documents on the
first iteration.

The significance levels obtained by comparing the first
and second iteration results to the initial search result
within the strategies are very informative. Figures 18 and
19 show the performance of algorithms Qo* and Rocchio
respectively. The significancelor the gap between the ini-
tial search and each iteration is tested, using the more
conservative WSR test.

Looking at the three recall-precision graphs, the aver-

arce performance of the three algorithms seem quite similar.
In fact, the differences in average performance sare not sig-

nificant. Yet, the significance levels displayed in Figure
18 differ greatly from those displayed in Figure“19.

For the Q°+ strategy, the differences between the
initial search and\each feedback iteration are significant,
On the first iteration; the two overall measures and the

precision differences from 20% through 50% recall are

significant at the 5% ‘level or less, and only at 70 and
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80% recall are the precision differences not sipgnificant
at the 10% .1evel «* On the second iteration, the per-
formance difference is significant at the 5% level for
all points except 70% recell. For the kocchio strategy,
however, only one measure (precision at 50% recall) shows
a significant difference between the first iteration and
initial search at the 10% level or less.® ' Even on the
second iteration, only six of the twelve differences are
significant at the 10% level or less, two at the 5% level
or less, 6Significance results for the feedback Dec Hi
strategzy are similar.

When comparing first and second iterations, the Qo+
results are no longer more significant than the Rocchio
results. In fact, the Rocchio results are significant
(10% level or less®) for eight of the twelve measures; the,
Q°+ results for only five. The significent improvement
between first and second iterations occurs at the high re-
call end of the Q°+ curve, while the improvement for the
Rocchio strategy is more evenly distributed.

This difference between strategies in the significance
of the improvement over the initial search leads to a gen-
eral conclusion: Performance on all measures is less con-
sistent for the non-relevant document strategies :pan for
the Q°+ strategy. However, since the average magnitude of
*For these comparisons, a one-tailed sipgnificance level is

eappropriate, since performance is expected to improve. To
obtain one-tailed values, the reported two-tailed values

mnust be divided by two. That is, the probability that the
first iteration is no better than the initial search is %

or less except at 70 and 60% recall,

-
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this improvement is equal for the three alyorithms (from
the significance results presented in Figure 5), it must
be true that the focchio s2nd Dec Hi strategies are better
for some qQueries and worse for others than is the more
consistant Q°¢ ntraﬁegy.

The total performence results of Figure 1% indiceate
that the queries that retrieve no relevant documents on
the initial search are helped by the non-relevant feed-
back strategies. Figure 20 supports this conclusion with
evidence that even using feedback effect evaluation, the
Rocchio strategy provides better performance on these eleven
querieés. Figure 14 adds the information that on the aver-
age, the total performance on the remaining 31 queries is
not hurt by negative feedback. The preceding paragraph
leads to the conclusion that in feedback effect the Rocchio
strategy gives worse performance on some of these queries,
This conflict between total performance and feedback effect
results requires further investigation of subgroups of
queries,

The document curve differences presented in Figure 21
provide new information about the performance of the nega-
tive feedback strategies. The Q°+ strategy 1s taken as
the norm, and the Rocchio and Feedback Dec Hi dii{grencee
from Qo’ are graphed. For the first fifteen or so docu-
ments retrieved, both Rocchnlo and Feedback Dec Hi are
superi;r in feedback effect performance to Qot+e After 40

documente have been retrieved, both are much worse than Q°+
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in recall, though about the same in precision. The recall-
precision curves of Figures 18 and 19 average out these
two extremes, and lose the significant information.

Figure 20 strongly supports the conclusion implied by
normalized recall, that on the first iteration non-relevant
document stratezies tend to raise some relevant documents,
but to lower others that are already low in rank. The aver-
age advantage of the non-relevant document strategies appears
early in the retrieval process. After 20% of the collection
has been scanned, the Q°+ strategy is clearly superior in

recall. The rank-freezing of the feedback effectrevaluation
affects the ranks of the earliest documents retrieved, so

the recall-precision curves of the non-relevant document
strategies appear superior in total performance but only
equal in feedback effect. Normalized recall expresses the
later large drop in recall which overwhelms the earlier
advantege of negative feedback. Thus, the document curves
support and clarify the tentative deductions made from the
less detailed measures presented earlier.

Total performance comparisons encourage the use of
algorithme that employ negative feedback of non-relévant

documents. However, the feedback effect results indicate

that the performsnce of negative feedback algorithms is
hichly va:iableo These findings encourage a search for a
means of predicting the eppropriate strategy for a given
query. For this reason the characteristics of selected

subgroups of queries are explored in the following section.

\\
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K. Characteristics of Query Subgroups
To investigate the performance of positive and negative

feedback in more detail, the available queries are split
several ways into pairs of query subgroups. fach sub-
group pair represents a contrast based on one or two
characteristics. For example, all queries with four or
fewer relevant documents might form one subgroup of a

pair, and all queries with five or more relevant docu-
ments might constitute the contrasting subgroup of that
pair. The six queries that retrieve all relevant docu-
ments with rank 5 or less on the initial search are omitted
from snalysis because relevance feedback cannot improve

the feedback effect performance on these queries. Figure
22 lists the characteristics used for selection and describes
some subgroups for which comparisons are reported.

Each subgroup is statistically compared to the con-
trasting subgroup using the Wilcoxon Rank Sum test (see
Section V). All findings of less than 10% significance
are reported in this section. If the word "null' is used
in the WRS column of a fizure, the significance level of
the indicated comparison is greater thsn ten percent, and
the ‘null hypothesis’ of no difference between subgroups
is supported. Although significance level from five to
ten percent are not normally considered meaningfui, they
are reported here for two reasons. First, the WRS test
is conservative when too many ties in rank occur, and the

data contains ties. Second, the numbers of queries in each
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tGroup Name

Selection
Characteristic (Size) Group Description
Tnitial ' Eleven Bad ' No relevant documents are retrieved
Search (11) with rank 5 or less on the initial
Retrieval search.
Twenty-Five Some but not all relevant documents
(25) are retrieved with rank 5 or less
: on the initial search.
Good Per- At least one feedback strategy re-
Relevance formance trieves all relevant documents with
Feedback - (16) rank 15 or less within three itera-
Performance tions.
 Bad Per- No feedback strategy retrieves all
formance relevant documents with rank 15 or
(20) less within three iterations.
Correlation Six subgroups are chosen. The num-
of Liodified ber of queries in each is given in
Query with the following table:
gﬁzgln@l Stratesy | Q + Rocchio
J Tteration| 1 2 ° 1-2| 1 2 1-2
Low 17 16 13|16 19 17
High 19 20 17 | 20 17 19
_ Q.+ The Qo+ strategy retrkwesmoré docu-
Relevance (23) ments with rank 15 or less in three
Feedback iterations.
Strategy §
: Rocchio The Rocchio strategy retrieves more
(15) ~documents with rank 15 or less in
three iterations.
High-Low Queries having relatively many rele-
or vant documents and relatively few
Low-High concepts or vice versa:
guﬁzzgtgfin (17) From 2-3 relevant and 7+ concepts (2)
Ooi inal Quer ‘ From 4-5 relevant and 10+ concepts (5)
T18 and y From 5-6 relevant and 3-6 concepts (5)
Number of 7+ relevant and 3-7 concepts (5)
%gii;?ggs ~ ‘Similar Queries having a number of ‘concepts
- and a number of relevant documents

(19)

similar in magnitude:

From 2-4 relevant and 3-6 concepts (
From 4-6 relevant and 7-9 concepts (
6+ relevant and 8+ concepts

8)
6)

(5)

Some Query Subgroups Investigated

Figure 22



77

subgroup is low, and statisticsl significance is difficult
to prove for small sanples. For these reasons signifi-
cance levels from five to ten percent may indicate areas
for productive 1nvest1§acion using larger query collections
and perhaps more sophisticated statistical techniques,
Twenty-two variables are used for WRS comparisons within
each subgroup pair. Two are not gen=rated by the search
process; the number of concepts in the initial query and
the number of relevant documents (2 vars.). The three
search-related measures used are correlation of the modified
query with the original query, feedback effect normalized
recall, and feedback effect normalized precision. HNor-
malized recsall and precision are calculated for the initial
search (2 vars.,) and all three measures are calculated for
two iterations of two feedback stratezgies, the positive
feedback Q°+ strategy and the Rocchio algorithm.which
uses negative feedback (12 vars.). For normalized recall
and precision, the improvement caused by feedback over the
initial search is used for comparison to remove the effect
of initial search differences between subgroups. To provide
a direct comparison between pos%}ive and negative feedback,
the differences between the Q°+ and Rocchio strategies in
normalized recall and precision for two iterations are used
(4 vars.)., Finally, the difference between the first and
second iteration correlation of the modified query with the
original query is calculated for each strategy (2 vars.).

Obviously eignificant relationships such as the difference
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in number of relevant documents between queries with four
or fewer and queries with five or more relevant documents
are not reported.

Normalized recall and normalized precision were chosen
for the subgroup comparisons because they are overall mea-
sures of retrieval. liowever, the analysis in the previous
section indicates that the normalized figures are not
representative of oversll performaence as indicated by the
recall-precision curves and the document curves. Ia par-
ticular, normalized recall shows a large drop for the
Rocchio strategy, and neither recall nor precision reflects
the initial advantage of the Roucchic strategy displayed in
Figure 21 Therefore, the normalized measures may not be
the best choice for meaningful comparison of positive and
negative feedbacke

Figures 24, 28, and 29 in this cection display recall=-
precision curves. Unfortunately, significance test: between
subgroups for recsall-precision curves are not available,
However, in three subgroup pairs, selected by stratery,

performance, and number of relevant documents,ssilcoxon:

Signed Rank tests of the difference between the Q,+ and
Rocchio strategies within each subgroup were made. All

differences were significant in both strategy subgroups; no

differences were significant in any other subgroup.
In the figures of this section, the averag: values of
variables as well as the WRS probabilities are precented.

It should be noted that the WRS probabilities do not indicate
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the significance of differences in average value, but the

significance in differences in rank sum when all queries

in both subgroups are ranked. The average value is reported
because it i1s a more familiar figure and conveys more in-
tuitive meaning than the rank sum,

The first subgroup pair listed in Pigure 22 is fsuiliar
from the previous section, Figure 15 and 20 present total
performance and‘feqdback effect reczll-precision curves
for the 'eleven bad' group, both showing an edvantage for
the Rocchio strategy. Figure 23 presents some of the sig-
nificant WikS findings for this group. The averesge number
of relevant documents for the eleven bad queries is 4.5,
contrasting with 5.6 for the remaining twenty-five queries,
The WRS probability that these subgroups represent popu-
lations that have the same distribution of number of rele-
vant documents is less than ten percent, so the difference
is of doubtful significance. Wwhen the Qpt improvement is
cdmpared to the Rocchio improvement, the normalized recall
and precision indicate an advantage for the Qo* strategy .
in both subgroupse. This finding contradicts the recall-
precision curves presented earlier, and is misleading for
the reasons stated early in this section. The meaningful
conclusion to be drewn from Figure 25 is that the differ=-
ences in feedback improvement between subgroups are pot
significant except for the first iteration of the Q°+
strategy. That is, the performance of the Rocchio strategy

does not depend on whether or not relevant documents are
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'Eleven Bad' Group: Eleven queries that retrieve no rele-
vant documents with rank 5 on the
initial search.

'Twenty-Five Group: Twenty-Five queries that retrieve
. some but not all relevant documents '
within rank 5 on.the initial search.

: WRS
, Eleven Bad Twenty-Five Probability
Number of Relevant Documents 4,3 ' 5.6 <10%
Initial : NR 76.4 88.0 - <02
Search . NP 42.8 72.0 ¢+ <01
~+ Improvement NR | 0.0 5.2 <05
First Q,*t Strategy NP -0.2 4.6 <02
Iter.
Improvement NR -18.7 Fel <10
Rocchio NP -0.5 5.2 null
. Improvement NR 1.7 5.3 null
Second Qg ' - NP ' -0.3 5.0 null
Iter '
Improvement NR | -10.9 55 null
"Rocchio NP -2.1 3.7 null
Qo+ Iter 1 100.0 78.5 <01
‘Strategy Iter 2 95.9 78.8 <0l
Correlation Iter 1-2 4.1 -0.4 <02
of modified o '
query with Rocchio Iter 1 59.7 43,8 <01
original = Strategy Iter 2 50.2 45.8 null
query ' - -+ Iter 1-2 9.4 -0.1 <01

-

. Characteristics of
Subgroups Selected By Initial Seadrch Retrieval

Figure 23
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avallable for feedback. This conclusion agrees with the
recall-precision curves for this subgroup. It should be
noted that the low average normalized figures for the
eleven bad queries are due to a single query, query 34,
that 1s destroyed by all negative fsedback strategies,
Since magnitude is reflected in the averages but not in the
wRS test, query 34 has a disproportionate effect on the
average figures but does not similarly bias the probabilities,
The comparisons using correlstion of the modified query
with the original query show stronger differences between
subgroups than the performance comparisons. The Rocchio
strategy changes the query more in both subgroups, as ex-
pected. The Q°+ strategy changes the eleven queries not
at all on the first iteration and very little on the second.
The figure for the first iteration correlation minus the
second iteration correlation indicates that the eleven bad
queries tend to move further sway from the original query
on the second iteration, but the twenty-five queries tend
to stay about the same distance from the original query.
The direction of the Rocchio strategy comparisons is <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>