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S O M E  C O M P U T E R  S C I E N C E  researchers believe 
different subareas within CS follow different 
publishing practices, so applying a single production 
criterion would be unfair to some areas. It is 
reasonable to believe the subarea of, say, theory 
follows different publishing practices from 

subareas like software engineering 
and image processing. Scientific ad-
vances in theory are often bounded by 
the time needed to prove theorems. 
Moreover, at most institutions, CS 
faculty whose work involves theory 
advise fewer students and are thus 
likely to produce fewer publishable 
results per year. 
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 key insights
    We defined CS areas by selecting and 

combining people and publication venues. 

    Journal productivity differs across 
CS areas, but differences in total 
productivity are less than we expected. 

    The mean number of citations per paper 
varies depending on area. 
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It is also reasonable to believe CS 
subareas (we call them “CS areas” 
from here on) that deal mainly with 
data (such as image processing) are 
more likely to have greater produc-
tivity than areas in which evaluation 
procedures require users (such as 
human-computer interaction), pro-
grammers (such as software engi-
neering), and organizations (such as 
management information systems). 
Researcher productivity in these hu-
man- and organization-based areas 
is bounded by the difficulty of carry-
ing out the empirical evaluations the 
fields require. Though these beliefs 
are all reasonable, it is all they are, as 
they are as yet unproved. 

Along with expected differences in 
productivity, we also often hear that 
different CS areas prefer and value 
conferences and journal publications 
in different ways; for example, bioin-
formatics seems more journal-orient-
ed, while computer architecture seems 
more conference-oriented. 

If there are indeed significant differ-
ences in publishing practices among 
the various CS areas, then a single pro-
duction-based evaluation criterion for 
all CS researchers would favor some 
areas and disfavor others. A probable 
consequence, beyond possible unfair-
ness to the disfavored areas, is that 
researchers would tend to avoid those 
areas in the future. Barbosa and Souza1 
discussed this problem with respect 
to a uniform publication evaluation 
standard in Brazil and its negative im-
pact on human-computer interaction 
among Brazilian researchers. 

Beyond publication practices, cita-
tion practices might also differ among 
areas. Areas with fewer researchers 
probably reflect fewer citations of pa-
pers published in these areas; a uni-
form evaluation-criteria impact of 
one’s research across different CS ar-
eas would favor some areas while dis-
favoring others. 

How to evaluate CS researchers has 
been discussed elsewhere, including 
Meyer et al.,9 Patterson et al.,10 and 
Wainer et al.,14 emphasizing the dif-
ferences in scientific publication cul-
ture between CS and other scientific 
domains; for example, Meyer et al.9 

discussed the importance of confer-
ence publication in CS, saying, a con-
ference publication is, in some cases, 

more prestigious than a journal pub-
lication. The same general guideline 
of attributing importance to confer-
ences is included in the Computing 
Research Association (CRA) guideline 
to faculty promotion in CS.10 Wainer 
et al.14 showed that a typical CS re-
searcher’s work is not represented in 
the standard citation services (such as 
Scopus and Thomson Reuters) com-
pared to, say, mathematics and phys-
ics; thus, when using metrics based on 
these services, a CS researcher or uni-
versity department could be unfairly 
evaluated, especially when competing 
against other disciplines. The role of 
conferences in CS has also been dis-
cussed by others; Grudin6 collected 
many of the relevant articles and dis-
cussions, especially those published 
in Communications. 

We are not aware of research that 
discusses the problems of uniform 
evaluation criteria across different 
CS areas, except for Barbosa and de 
Souza.1 In other scientific disciplines 
(such as economics), some discussion 
focuses on the negative impact of uni-
form evaluation metrics on the differ-
ent subareas of the discipline.8 

General Description 
Our methodology, as described here, 
relied on a sampling approach to evalu-
ate the productivity and impact metrics 
of researchers and papers in different 
CS areas; we considered productiv-
ity as the number of articles published 
(in English) per year in journals, con-
ferences, and workshops. Other than 
the distinction between journals and 
conferences (including workshops), 
we did not take into account any mea-
sures of venue quality (such as impact 
factor for journals and acceptance rate 
or scientific society sponsorships of 
conferences). The first step was to de-
fine the CS areas; the second to define 
the set of researchers working in each 
area, along with the set of conferences 
and journals associated with each area; 
the third to sample the set of research-
ers working in an area and collect from 
their own webpages the number of pa-
pers published from 2006 to 2010; and, 
finally, from the set of conferences and 
journals associated with a particular 
area, we sampled a set of papers and 
collected information about their cita-
tion counts. We briefly expand on each 

step; for a more detailed explanation of 
our methods, see Wainer et al.15 

When deciding how to define and 
select a CS area, we were guided by 
some of the existing classification 
schemes. For example, ACM and IEEE 
each divides CS into different areas—
ACM, through special interest groups, 
or SIGs, and IEEE, althrough technical 
committees, or TCs—though some of 
these divisions reflect historical deci-
sions that may be less relevant today. 
DBLP, Microsoft Academic Search, and 
Scopus each classify different CS areas, 
though none describes how it arrived 
at its classifications. 

We wanted our set of areas to in-
clude both new and more traditional 
CS areas, to evaluate whether or not the 
traditional areas follow publication 
practices that differ from the newer 
ones. Finally, we also wanted to in-
clude some areas on the “fringe” of CS 
that are not always present in univer-
sity CS departments in different coun-
tries; Table 1 lists the areas we chose, 
the abbreviations we use for them, and 
the seed venues (using their usual ab-
breviations) for each area. We do not 
claim they are the only, or most impor-
tant, areas of CS. 

Bioinformatics and security are 
newer areas. Communications and 
networking, programming languages, 
databases, computer architecture, 
distributed computing, and software 
engineering are more traditional ar-
eas. Operations research and manage-
ment information systems are the two 
“fringe” areas. Our choice of areas is 
compatible with, but not the same as, 
those of other research (such as Biryu-
kov and Dong2 and Laender et al.7) that 
also subdivides CS into areas. 

For the second step, defining the 
population of researchers in each area 
and associated conferences and jour-
nals, we used DBLP data (as of August 
2011) as our universe of interest. DBLP 
is a bibliographic server with a focus on 
CS that indexes more than 1.8 million 
CS articles. 

Here, we use the words “publica-
tion venue” or just “venue” as a generic 
name for conferences or journals. We 
started by defining a set of venues clear-
ly representative of each area, or “seed 
venues.” The idea is that researchers 
in each area clearly recognize the seed 
venues as “central” and “important” to 



contributed articles

AUGUST 2013  |   VOL.  56  |   NO.  8  |   COMMUNICATIONS OF THE ACM     69

their area. We asked colleagues in each 
area and used information regarding 
citations received per published paper 
available by, say, Microsoft Academic 
Search and Thompson Reuters Journal 
of Citation Reports. 

Using the set of venues associated 
with a particular area, we defined an 
iterative process that computes the 
set of researchers working in the area, 
then recomputes the set of venues in 
the area, and so on, until convergence. 
At the first iteration, the set of venues 
associated with an area is its seed ven-
ues, and the researchers working in the 
area are co-authors of at least two pa-
pers published in any seed venue from 
2006 to 2010. 

A new venue v is associated with 
area A if a clear majority of co-authors 
of papers in v (for the period 2006 to 
2010) of researchers work in area A; for 
a formal definition of “clear majority,” 
see Wainer et al.15 Finally, all research-
ers publishing at least one paper in 
a seed venue and at least one in the 
newly added venue v are also consid-
ered researchers in area A. Note that a 
researcher may work in more than one 
area, but a venue is associated with at 
most one area. This method is a con-
tribution of this research because it 
simultaneously classifies publications 
and authors by means of a semi-super-
vised algorithm, based on co-publica-
tion. Most publication-classification 
systems (such as Chen3) are based on 
unsupervised algorithms based on dif-
ferent citation links between journals 
and conferences. Other research (such 
as Rosen-Zvi et al.12) also uses unsuper-
vised algorithms based on co-author-
ship and topic detection on the docu-
ments themselves. 

At the end of the iterative process 
our algorithm revealed a universe of 
56,589 researchers, of whom 4,827 
work in more than one area. The algo-
rithm also identified a set of 612 ven-
ues (247 journals and 365 conference 
proceedings); see Wainer et al.15 for a 
list of all venues associated with each 
area. 

The third step in our method was 
the sampling of researchers and pa-
pers. We randomly ordered the set of 
researchers in each area and sequen-
tially searched each one until we found 
a set of 30 researchers with a personal 
or institutional webpage listing all 

their publications. We did not consid-
er webpages that explicitly mentioned 
“selected” or “partial publication list”; 
30 researchers per area was our at-
tempt to balance the need to collect 
enough information about each area 
with the cost of finding researchers 
with a current list of publications. 

For each researcher, we collected 
the number of conference papers (in-
cluding workshops but excluding post-
ers) and journal papers listed on the 
researcher’s page for the period 2006 
to 2010 (inclusive) in English. We also 
collected the researchers’ first and last 
publications years as listed on their 
webpages. The intersection of this in-
terval with the interval 2006 to 2010 is 
a researcher’s windowed publication 
interval. We defined the researcher’s 
productivity as number of journal and 
conference papers published during 
that time divided by windowed publi-
cation interval. We also collected infor-
mation on whether researchers were 
students (at the end of their windowed 
publication interval) and whether they 
were faculty in a non-CS university de-
partment. We considered non-CS any 
department that did not include the 
words “comput*” or “information” in 
its name. 

For citation analysis, we randomly 
selected 100 papers for each area from 
all CS papers published in 2006 from 
all venues associated with a particular 

area (not just the seeds). In November 
2011, we collected the number of cita-
tions received by each paper as com-
piled by Google Scholar. Given that 
citation counts are susceptible to out-
liers, we used the median number of 
citations per paper to perform the sta-
tistical calculations. 

Finally, we used a 95% confidence 
level to make claims of statistical sig-
nificance; see Wainer et al.15 for the de-
tails of the statistical analysis. 

Results 
Table 2 lists some of the characteris-
tics of the sample of 30 researchers per 
area. The column labeled “Stud.” lists 
the number of students in the sample. 
The column labeled “Non-CS” lists 
how many researchers in the sample 
are faculty in non-CS departments. The 
column labeled “Resea.” lists the to-
tal number of researchers in that area 
(based on the DBLP data), including 
those also working in other areas. The 
column labeled “Papers” refers to the 
total number of papers in all confer-
ences and journals associated with the 
area published from 2006 to 2010. 

The areas BIO, IPCV, MIS, and OR 
are the most “non-central” of the ar-
eas, based on the number of non-CS 
faculty in the sample. We were expect-
ing non-centrality for BIO, MIS, and OR 
included in our set of areas specifically 
because they are not always represent-

Table 1. CS areas: names, abbreviations, and corresponding seed venues. 

Area Abbr. Seed Publications

Artificial Intelligence AI AIJ, JAIR, JAR, AAAI, IJCAI

Bioinformatics BIO BMC Bioinf, Bioinformatics, JCB, RECOMB, TCBB

Communications and Networking COMM TON , TCOM, Mobicom , Sigcomm, Infocom

Compilers and Programming Languages C+PL OOPSLA, POPL, PLDI, TOPLAS, CGO

Computer Architecture ARCH ISCA , MICRO, DAC, ASPLOS, TCAD, SC

Computer Graphics GRAPH TOG, CGA, TVCG, SIGGRAPH

Database DB TODS, VLDB , Sigmod

Distributed Computing DC TPDS, JPDC, ICDCS, ICPP

Human-Computer Interaction HCI TOCHI, IJMMS, UMUAI, CHI, CSCW

Image Processing and Computer Vision IPCV IJCV, TIP, CVPR, ICIP

Machine Learning ML JMLR,ML, NECO, NIPS, ICML

Management Information Systems MIS ISR, MANSCI, JMIS, EJIS, MISQ

Multimedia MM MMS, TMM, IEEEMM, MM, ICMCS

Operational Research and Optimization OR Math Prog, SIOPT, C&OR, Disc Appl Math

Security SEC TISSEC, JCS, IEEESP, SP, USS, CSS

Software Engineering SE TOSEM, ICSE, TACAS, ESE

Theory TH JACM, SICOMP, STOC, FOCS, SODA
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ed in university CS departments; for 
BIO, some non-CS faculty were hosted 
in biology-related departments, for 
MIS, in business and marketing de-
partments, and for OR in applied math 
and engineering departments. How-
ever, surprisingly, this pattern also 
holds for IPCV researchers, with about 
one-third affiliated with radiology and 
medical departments. The quantity of 
researchers in those areas not in CS de-
partments may indicate those areas are 
more “interdisciplinary.”13 

The number of students in the 

sample may indicate, in a first ap-
proximation, the number of students 
working in each area. That number 
divided by the number of CS faculty in 
the sample may likewise be an indica-
tor of the availability of students per CS 
researcher. Thus, MM and ARCH had 
the most students per CS researcher, 
while MIS, DC, and TH had the fewest 
students per CS researcher. 

Productivity measures. Figure 1 out-
lines the mean conference and journal 
productivity of the sampled research-
ers in each area, in papers per year, or-

dered by total productivity (the sum of 
conference and journal productivity). 

Table 3 lists the significant differ-
ences in total and journal productivity 
as a “compact letter display,” a visual-
ization tool showing nonsignificant 
differences between two areas; that is, 
the difference between the average to-
tal productivity of two areas is not sta-
tistically significant if the areas share 
a letter in common. When comparing 
any two areas, two or more letters in 
common means the same as one letter 
in common; that is, the areas are not 
significantly different. Only when two 
areas have no letters in common is the 
difference between them statistically 
significant. Each letter is an indicator 
of a maximal subset of areas in which 
differences are not statistically signifi-
cant; for example, total production of 
DC (“d”) is significantly different from 
that of DB (“ab”), since they have no 
common letter. However, DC (“d”) is 
not significantly different from COMM 
(“cd”) because they have the letter “d” 
in common. The second column lists 
the nonsignificant differences for jour-
nal productivity; for example, the OR 
in the journal productivity column in-
cludes all four letters (“abcd”), mean-
ing OR is not significantly different 
from any other area, because OR has at 
least one letter in common with each 
other area. 

Regarding total productivity, al-
though the data seems to show three 
groups—higher productivity (ARCH, 
COMM, DC, and IPCV); middle; and 
lower productivity (MIS and OR)—al-
most all differences are not significant 
at 95% confidence level, as in Table 3. 
The only significant differences are, in 
general, between MIS and OR and the 
higher-productivity group. There are 
also significant differences between 
DB and TH and some of the higher-pro-
ductivity areas but not all. Thus, one 
cannot claim that in general there are 
total productivity differences among 
the CS areas except for a few cases cov-
ered earlier. 

For journals, BIO has significantly 
higher productivity (3.44 papers per 
year) than all other areas, except the 
next four higher—COMM, MIS, ML, 
and OR; COMM is significantly differ-
ent from the lower journal productivity 
areas—AI, C+PL, and DB—as in Table 3. 

As for conferences, the highest two 

Table 2. Characteristics of the samples and the population in each area: Stud. is number of 
students: Non-CS is number of non-CS faculty; CS is number of CS faculty in the sample; 
Resea. is total number of researchers; and Papers is total number of papers (published 
from 2006 to 2010) according to DBLP Computer Science Bibliography. 

Sample Population

Area Stud. Non-CS CS Resea. Papers

AI 6 0 24 2244 4461

ARCH 10 3 17 3662 6666

BIO 4 11 15 8406 8037

C+PL 4 0 26 1001 1244

COMM 4 0 26 4395 6640

DB 8 0 23 1716 3066

DC 3 0 27 1112 1097

GRAPH 5 3 23 2176 2913

HCI 8 3 19 3229 5696

IPCV 4 12 12 6826 10959

MIS 0 19 11 1175 1800

ML 4 5 11 2619 3728

MM 9 0 11 3623 4790

OR 2 19 9 3103 6051

SE 4 2 24 2278 4993

SEC 4 0 26 1527 2690

TH 3 4 23 1595 5534
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Figure 1. Production per year (in order of total productivity); the percent in each bar is  
the proportion of journal productivity to overall productivity. 
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conference productivity areas—DC 
and IPCV—are significantly different 
from the bottom third—MIS, OR, BIO, 
TH, ML, and DB—whereas the lowest 
two—MIS and OR—are significantly 
different from the top third—DC, 
IPCV, ARCH, COMM, HCI, and SE, in-
formation not in Table 3. 

If we consider the ratio of journal 
productivity to total productivity, there 
are basically two groups: BIO, MIS, 
and, OR prefer journal publications to 
conferences, with about 70% of their 
production published in journals; the 
differences from all other areas are sig-
nificant. ML and TH represent an inter-
mediary group that publishes almost 
half its production in journals; the dif-
ference is statistically significant com-
pared to most other areas. 

Impact measures. Figure 2 includes 
the mean and median citations rates 
(citations per paper per year) for our 
sample of randomly selected 100 pa-
pers (from 2006) from each area (in or-
der of median citations rate); the third 
column of Table 3 lists the compact let-
ter display of the median citation rates 
for each area. 

MIS citations rates are not signifi-
cantly different from the next four 
higher rates—GRAPH, DB, BIO, and 
HCI—in decreasing order. The two 
lower-rate areas—ARCH and MM—are 
significantly different from the third 
lower-rate area—DC; the other areas 
are in the same group, with no signifi-
cant differences among them. 

The citation numbers reflect an 
interesting relation with productiv-
ity. The higher-productivity areas also 
have lower median citation rates. The 
correlation is moderately high and sig-
nificant (Spearman rho = !0.63, p-value 
= 0.007). We use the Spearman rank 
correlation (rho) to detect any mono-
tonic correlation between the vari-
ables, not just linear correlation. The 
correlation is even higher for confer-
ence productivity (rho = !0.71, p-value 
= 0.001). Thus, on the surface, in areas 
like ARCH and MM, researchers write 
many papers per year, especially con-
ference papers, but few other research-
ers cite them. One notable aspect of the 
high-productivity/low-citation pattern 
is that the high-productivity areas tend 
to focus on conferences that, given the 
usual restrictions on number of pages 
in the publications, force authors to 

cite only a few relevant papers. How-
ever, a regression of the citation rates 
with both total productivity and pro-
portion of journal publication reveals 
that only the negative coefficient of the 
total production is significant. 

A reasonable hypothesis is thus 
that the median citation rate is cor-
related with the size of the area; that 
is, if an area includes few researchers, 
few potential readers are available to 
read the papers, inevitably yielding a 
low citation rate. However, the correla-
tion between median citation rate and 
number of researchers in an area is not 

significant (rho = !0.26, p-value = 0.32) 
nor is the correlation with number of 
papers published in the area (rho = 
!0.25, p-value = 0.33). The size of a re-
search area does not explain the differ-
ent median citation rates. 

The greater difference between 
mean and median citation rates for 
BIO, COMM, C+PL, and SE seem to in-
dicate, at least in these areas, there is an 
even higher than usual concentration of 
citations on only a few papers, possibly 
increasing the mean but not the medi-
an. The two papers with the highest cita-
tion counts in our sample are from BIO. 

Table 3. Compact letter display of total journal productivity and citations per paper per 
year; the difference between any two areas is not statistically significant if they have any 
letter in common. 

Area Average total  
productivity

Average journal  
productivity

Median citations  
per year

AI abcd ab abc

ARCH   bcd abc        de

BIO abcd       d ab       f

C+PL abcd   b ab       f

COMM     cd     cd ab       f

DB ab ab            fg

DC       d abc a  c

GRAPH abcd abc   b       fg

HCI abcd abc abc

IPCV   bcd abc a  c

MIS a abcd             g

ML abcd a  cd   b       fg

MM abcd abc        d

OR a abcd      c  e

SE abcd abc a  c

SEC abcd abc abc

TH abc abc abc

10

8

6

4

2

0

Figure 2. Citations per paper per year (in order of median citation rate). 
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Discussion 
Our productivity analysis found that al-
though the productivity of the CS areas 
range from 2.5 (MIS) to 7.8 (DC) papers 
per year, the only significant differ-
ences are between the extremes of the 
spectrum. The total productivity of re-
searchers in ARCH, COMM, DC, and 
IPCV is significantly higher than those 
for researchers in MIS and OR. The to-
tal productivity of the other areas does 
not differ significantly. Thus CS depart-
ments and evaluation bodies should be 
mindful when comparing researchers 
in MIS and OR to researchers in ARCH, 
COMM, DC, and IPCV. 

Some evaluation criteria, especially 
those that apply to disciplines other 
than CS, put more emphasis on jour-
nal publications. CS departments that 
emphasize journal publications must 
be mindful that BIO in one group, and 
all marked areas without a “d” in the 
second column of Table 3 in the other, 
have significantly different journal pro-
ductivity. However, BIO journal pub-
lication practices are not significantly 
different from those of COMM, MIS, 
ML, and OR. 

There are more pronounced dif-
ferences regarding whether the areas 
are conference- or journal-oriented in 
their publication practices. BIO, MIS, 
and OR are clearly journal-oriented 
and significantly different from the 
other areas. ML and TH are also signifi-
cantly different from the most confer-
ence-oriented areas. 

Regarding citations, there are sig-
nificant differences among MIS (by 
itself), BIO, DB, HCI, and GRAPH (in 
another group), and finally, ARCH and 
MM. There is also an interesting nega-
tive correlation between productivity 
and citation rates beyond the influence 
of one area’s emphasis on conference 
or journal publications. 

Consider, too, these other interest-
ing findings: 

 ! We included BIO and SEC as ex-
amples of new CS areas. BIO indeed 
reflects very different publication and 
citation patterns from most other CS 
areas. SEC publication and citation 
patterns are not different from the ma-
jority; 

 ! BIO, MIS, and OR are less-central 
CS areas, in the sense that a larger pro-
portion of researchers in them are not 
in CS departments though, to our sur-

prise, likewise IPCV. In some sense this 
non-centrality might indicate these ar-
eas are more interdisciplinary or mul-
tidisciplinary. In terms of publication 
and citation practices they differ some-
what from the bulk of CS, as discussed 
earlier, probably due to CS research-
ers adapting their practices to that of 
their research colleagues in other dis-
ciplines; and 

 ! As far as our sampling was able to 
identify student availability per CS re-
searcher, MM and ARCH seem to have 
the most students per CS researcher, 
while MIS, DC, and TH have the fewest. 

Our research quantifies informa-
tion researchers in the various CS 
areas already known, as in, say, the 
emphasis some of them put on confer-
ence publications. Some CS research-
ers have intuition regarding the differ-
ences among the areas derived from 
their personal observations of col-
leagues and acquaintances in these 
areas. However, as discussed earlier, 
before we began this research, this 
intuition should have been viewed 
as unproved beliefs gathered from a 
limited sample of convenience. We 
derive our conclusion from a random 
sample of 30 researchers worldwide 
and of 100 papers in each CS area. On 
the other hand, our research should 
be viewed as only a first step toward 
understanding the differences among 
CS areas. Moreover, our conclusions 
are limited by some issues that need 
to be further discussed: 

The first is that our sampling of 
researchers introduced some bias. 
We discovered it is more likely that 
a non-senior faculty researcher in a 
university in a Western country would 
have an up-to-date publications page 
than the alternatives, including, say, 
a researcher in an Eastern country, 
students, industry-based researchers, 
and senior faculty researchers. Given 
that junior faculty are the researchers 
most likely to be evaluated through 
some of the metrics covered here, 
this bias has a limited effect. How-
ever, faculty in non-Western universi-
ties should take care when using our 
results, as they may not reflect their 
professional experience. 

The second issue is sample size. 
Sampling researchers is labor inten-
sive, so the sample size is small and the 
standard error associated with the mea-

CS areas that 
may be limited in 
their citation rates 
may consider 
encouraging all 
papers, especially 
conference papers, 
to include more 
elaborate analysis 
of the related 
literature.
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sures is high. Not all differences are 
statistically significant at the level of 
95%; some of our claims of nonsignifi-
cance may be revised if a larger sample 
is used; for example, we were surprised 
to find no statistically significant dif-
ference between the group of higher-
productivity areas—ARCH, COMM, 
DC, and IPCV—and the middle group, 
including all areas but MIS and OR. A 
larger sample size might reveal whether 
this difference is significant. 

Most research on bibliometric as-
pects of CS, including Biryukov and 
Dong,2 Elmacioglu and Lee,4 France-
schet,5 and Laender et al.,7 uses the 
whole DBLP as its data source. We 
could not follow such an approach. 
As pointed out by Laender et al.7 and 
Feitz and Hoffmann,11 DBLP has dif-
ferent coverage for different CS areas. 
If we used DBLP as the data source we 
would not know if the difference in 
productivity was due to the different 
practices of researchers in different ar-
eas or the difference in the DBLP cov-
erage of these areas. We therefore used 
DBLP to define the populations and 
the set of researchers and publications 
in each CS area, but the final produc-
tivity measurements were not based 
on DBLP but on the papers listed on 
researchers’ personal webpages. How-
ever, we used the DBLP data to define 
the size of each area in order to corre-
late it with the citation rates. 

The procedure we describe here is 
repeatable. One may choose a different 
set of areas and initial seeds to explore 
more specific questions. The costly 
step is defining the sample, or find-
ing which researchers have up-to-date 
webpages listing their publications. 
For help expanding on our results or 
exploring other issues regarding CS 
publication and citation practices, we 
provide the data used in this research 
at http://www.ic.unicamp.br/~wainer/
datasets/CSareas/. 

Our main purpose here is to pro-
vide the data needed to establish 
evaluation criteria for CS researchers; 
for example, one should not propose 
a single journal productivity goal for 
both COMM and AI researchers, as it 
would be unfair to AI researchers and 
could ultimately drive researchers 
away from the area. Productivity and 
citation rates differ between some but 
not all CS areas, and evaluation crite-

ria for CS researchers must account 
for these differences. 

This research does not answer why 
there are publication and citation dif-
ferences between different CS areas 
and what might be done about them. 
We began by claiming there may be 
intrinsic differences among the areas 
and that doing research in one may 
be more difficult than in another; for 
instance, we mentioned that research 
in HCI, MIS, and SE could have lower 
productivity due to the difficulty of 
creating and conducting empirical 
research in these areas. However, HCI 
and SE have high productivity. The 
difference in total productivity of the 
three areas taken together when com-
pared to the other areas, also taken to-
gether, is not statistically significant (t 
test p-value = 0.12). A second explana-
tion for the differences in productivity 
is the availability of students. Again, 
the data we collected does not allow 
us to make that claim; the correlation 
between availability of students per 
CS researcher and total productivity is 
not significant (Spearman rho = 0.24 
p-value = 0.36). 

We also found another intrinsic pos-
sible explanation mentioned earlier to 
be false. There is no significant correla-
tion between citation rates and the size 
of a CS research area. Surprisingly, all 
reasonable explanations for different 
productivity and citation rates across 
different areas mentioned here are not 
true as far as the data shows. 

Conclusion 
We are not able to claim one publica-
tion practice is “better” than another. 
Moreover, it may not be possible for 
a research community to change its 
publication practices without under-
going internal turmoil, though cita-
tion practices may be more amenable 
to change. Areas with low citation 
rates may look to areas like DB and 
GRAPH, which for most other charac-
teristics are in the mainstream of CS 
practices but still have very high cita-
tion rates. It seems papers in these 
areas dedicate much more space to 
show how the research connects to 
previously published papers, with a 
corresponding increase in the refer-
ences they include. CS areas that may 
be limited in their citation rates may 
consider encouraging all authors, es-

pecially of conference papers, to in-
clude more elaborate analysis and in-
clusion of the related literature.  
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