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Economic benefits of management information systems (MIS) in gow farming were
quantified by combining data from two survey studies. Panel analysis was conducted
through estimation of & mixed-effects model by ordinary least-squares. Effects were
analyzed hoth within farms and over farms at the same time, controlling for self-
selection bias and changes over time. Adjusted for other effects in the model,
production on farms adopting MIS increased by 0.56 piglets per sow per year,
indicating a return on investment of between 220% and 348%. Additional tests and

checks indicate that this outcome is robust
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[n the Netherlands, electronic data recording
and processing facilities have developed rap-
idly in sow farming. The state advisory service
calculated all annual herd data manunally just
thirteen vears ago. Since 1982, manual caleula-
tions have been replaced almost completely by
quarterly central computer processing of herd
data. At about the same time as these changes
were occuring, personal computer based sys-
tems became available to sow farmers, These
systems, designed to provide daily production
information on individual ammal levels that is
of potential value in making management deci-
sions (Boehlje and Eidman), are indicated here
as Management Information Svstems (MIS).

In 1992, ten years after the introduction of
MIS in sow farming, nearly 40% of Dutch sow
farmers used MIS, including approximately
T53% of all Dotch sows (SIVAY. Various brands
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of MIS are used that are all very similar. The
farmers run these MIS on their own personal
computer, or hire central processing services,
Sow farming has the highest MIS adoption rate
among Dutch Agriculture (DCRA). The NC-
191 survey on adoption and use of information
systems (Batte), conducted in 1991 in thirteen
midwestern states, showed that U5, sow farm-
ers had a computer adoption rate similar to
their Dutch counterparts (33% in the U.S. ver-
sus 37% in the Netherlands),

MIS adoption may be an indication that farm
ers benefit from MIS, but it is certainly not
solid evidence. More objective measures for
MIS benefits are desirable as development of
MIS proceeds. This information can be of use
not only to farmers considering (new) MIS in-
vestments, but also to firms that design and
market MIS.

The purpose of this study Is to quantify the
benefits of MIS adoption and use in Dutch sow
farming. We first explain owr research approach
involving a4 guasi-experimental, nonequoivalent
time-series research design. This research de-
sign was wsed for investigating the relationship
between MIS use and economic results. Two
survey studies, condncted on the same farms in
1983 and 1992, provided panel data on animal
recording practice, year of MIS adoption, and
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annual herd performances from 1982 to 1991,
These data were analyzed in a mixed-effects
model using ordinary least-squares procedures,
For the average sow farm in our study, MIS use
turns out o be highly profitable. Tests for auto-
correlation, influential observations, and
nonequivalent control time-series indicate that
this outcome is robust.

Research Approach and Design

Researchers outside agriculture (Kleijnen 1980,
19584; Banker and Kaufiman; Kauffman and
Weill: Hamilton and Chervany) and researchers
inside agriculture (King, Harsh, and Daobbins;
Streeter and Hornbaker) address the problem of
MIS evaluation. Two main research approaches
can be identified, The first one is the normative
approach which tries to provide i theoretical
{(pre-audit) measure of what MIS profitability
could be or should be, based on the beneficial
effects of MIS processes (e.g., better informa-
tion supply, labor savings) and some predefined
decision-making criteria {Kleijnen 1980). Ex-
amples of this approach are decision-tree-
analysis, Bayesian Information Economics, and
computer simulation. The other research ap-
proach, the positive approach, determines what
the profitability of MIS appears to be through
empirical studies {(post-andit). This approach
includes experimental and survey studies,

In this study, the positive approach was used
because the purpose was to evalpate MIS cur-
rently used by sow farmers rather than (o mea-
sure the theoretical economic value of MIS in-
formation. MIS use is a crucial aspect in MIS
evaluation. MIS affect performance through the
use process only (Hamilton and Chervany), ei-
ther directly through the output, or indirectly
through advice from consultants (J@rgensen,
Ruby, and Herlgv)., MIS prove beneficial when
this information leads {o improved managerial
decision making and, consequently, to more ef-
fective and more efficient production. Im-
proved decision making can result from
changes in decisions as well as from improved
timeliness in decision making and implementa-
tion {Kleijjnen 1980}, Obviously, opportunifies
to improve decision making through MIS use
will depend on the farmers® prior record keep-
ing and analysis practices.

Several methods are available to analyze the
impact of MIS using a positive approach
{Weiss; Fitz-Gibbon and Morris). They are as
follows: (a) experimental designs {Schoonaert;
Banker, Kauffman, and Morey), (b) quasi-ex-
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perimental designs (Lazarus, Streeter, and
Jofre-Giraudo), and () nonexperimental de-
signs {Kautfman and Weill; King and Shuker;
Overbeek). Experimental designs protect against
nearly all possible threats (o internal validity,
i.e., the degree of control tor disturbing van-
ables intervening between MIS vse and the eco-
nomic results of farms. Experimental designs
require that farmers be randomly assigned to an
MIS or control group {pre-audit). Quasi-experi-
mental designs generally leave one or several
threats to internal validity uncontrolled; nonex-
perimental designs face many of these threals
(Weiss).

In this study, the quasi-experimental, non-
equivalent time-series design was wsed. The
term “nonequivalent”™ denotes that no random
procedure was used to assign farmers to the
MIS or control time-series. The more con-
trolled, experimental designs could not be used
because the MIS under study were already in
use, prohibiting pre-audit random assignment
of farmers.

One issue that arises in a study of benefiis
from MIS use is whether good managers are
more likely to vse MIS; therefore, a concern is
how to sort out the effect of “better manage-
ment” from the actual benefits of MIS (Lazarus,
Streeter, and Jofre-Giraudo). Computer users
tend to be better educated, operate large farms,
are younger {Putler and Zilberman; Batte,
Jones, and Schnitkey), and typically have more
contacts with colleagues using computers, or
have children interested in computers (Jarvis).
Panel data—time-series from several farmers—
can overcome this self-selection problem with
within-farms investigation (before and after
MIS adoption).

In one of the first articles exploring relation-
ships between farm computer systems and cco-
nomic reswlts, Lazarus, Streeter, and Jofre-
Giraudo applied a quasi-experimental, non-
equivalent time-series design. However, despite
the use of time-series, problems were encoun-
tered in separating farmer characteristics (man-
agement) from computer system effects on
those farms that used computers over the entire
time period. In this study, we follow Mundlak
by constructing dummy variables for each indi-
vidual farm in the statistical model.

Data

WVarious sociological, technical, and economic
data on 143 Duich sow farms were recorded in
a socioeconomic survey conducted in 1983,
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These data investigated relationships between
farmer characteristics and production perfor-
mance on sow farms (Mok and Van den
Tillaart). The farmers belonged to a group of
205 sow farmers who had received guestion-
naires from their extension officers. The 203
farmers in this group were selected according
to three criteria: (a) ownership of a farrow-to-
finish unit for pigs; (&) 1982 membership of the
state advisory service and its central Herd
Record System, which means that all farmers
received basic information about their herd per-
formance; and {c) living in the operational area
of one specific state advisory service (including
two provinces in the southern part of the Neth-
erlands),

An important aspect of this survey (hence-
forth referred to as 1983-survey) is that very
few Dutch sow farmers made vse of MIS at that
time. This means that the data recorded in this
survey are adequate to use as “results before
MIS use.” Berween 1983 and 1992, about 40%
of the Duteh sow farmers started (o use MIS
[SIVA). Therefore, a second survey on the same
farms, the 1992-survey, was organized to obtain
“results after MILS use™ as well. Of the initial
143 1983-survey farmers, 93 could be ap-
proached. Seventy-one of these farmers still
owned a farm and were willing to participate in
the 1992-survey. These farmers were inter-
viewed on the basis of a guestionnaire similar
to that used in the 1983-survey. In addition,
data on animal recording practice, year of MIS
adoption, and annual herd performances from
1983 to 1991 were collected,

The “number of pigleis raised {10 abour 25 kg
live weight) per sow per year” was used to ana-
lyze the MIS effect. This highly aggregated fig-
ure contains all the effects that MIS may have
on major herd performances, including an in-
creased nomber of farrowings per sow per year
and reduced piglet mortality.

The data collected in the 1983-survey and
1992-survey contain 442 annual observations
from 71 farms on the "number of piglets raised
per sow per year.” This indicates that, from the
average farm, more than 6 annual observations
(442/71 = 6.2) were derived. All farms could
provide the “number of piglets raised per sow
per year” in 1982, Also, the corresponding val-
ues for 1990 and 1991 are available from the 71
farms. Over twenty farmers could provide a
complete time-series, consisting of the “number
ol piglets raised per sow per yvear” for each year
between 1983 and 1992,

The representativeness of the survey farms
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Table 1. Percentage of Sow Farmers Using
MIS, Percentage of MIS Users Processing
Data at Central Services and Percentage of
MIS Users Working with Personal
Computers (Survey versus National Average,
1992)

% of Sow % of Users % of Users
Farmers  Processing  Processing
Using MIS  Centrally  on Own P.C.
Survey ThH% 200% 0%
Mational
averagel 419 4549

554

' Soopee; B5IWA

was assessed by comparing the average number
of sows and the average number of piglets
raised per sow per year on the sow farms that
participated in both surveys to other sow farms
in the same region, and to Dutch sow farms in
general (DMANMF). In 1983, survey farms
had, on average, 126 sows whereas the average
values for the same region and the Netherlands
were 110 sows. However, the expansion from
1983 to 1992 was about the same in the three
groups (between 35 and 43 sows), This means,
that in 1992, survey farm sizes were still lareer
than the others. The number of piglets raised
per sow in 1982 (as recorded in 1983) was a
lithe above the regional average, bul below the
national average {17.2 versus 17.0 and 17.4), In
1991, survey farms had better results than those
in their region and in the Netherlands (19.2 ver-
sus 18.6 and 18.8). From these figures, no con-
clusion can be drawn about the MIS effect,
since all three groups contain farmers who do
and do not use MIS, The differences in average
number of piglets between 1991 and 1982 un-
derestimate the actual technological trend in the
production results by at least 1.5 piglets raised
per sow per year because of an outbreak of blue
car disease in Dutch pig farming in 199]
(Dijkhuizen et al.), In 1990, the averages on the
number of piglets raised per sow per year were
20,7, 204, and 20.4, respectively, for the survey
study, survey region, and the Netherlands
(DMANMEF).

Differences between the survey farms and
other Dutch farms are more marked when look-
ing at MIS use. Table 1 shows that the percent-
age of survey farmers using MIS in 1992 was
considerably higher than the national average.
Of the 71 farms in the survey, 54 used MIS.
Apparently, the initial selection criterion in



3ol May 1995

1983, reguiring that sow farmers should be a
member of the advisory service, resulted in an
implicit selection of a more information-seek-
ing type of farmer. Furthermore, 43 (80%) of
the 54 survey farmers using MIS made use of
their own personal computer, compared to 45%
of the nation as a whole. This also indicates
that the more information-seeking type of farm-
ers was selected. Many farmers who have used
MIS at a central processing organization for a
number of years decide to buy a personal com-
puter to process data themselves, Apparently,
the survey farmers lead the way in the automa-
tion of their information supply. The conse-
quences of this selection are discussed in the fi
nal section of this paper.

The advantage of the high MIS adoption in
our study is that more before-and-after-MILS
comparisons could be made than in the
Lazarus, Streeter, and Jofre-Giraudo siudy, At
the end of their study i 1987, only 23 of the
196 dairy farms had adopted on-farm comput-
ers for accounting. Moreover, 7 of them already
adopted MIS before the start of their study in
1984, implying that only 16 before-and-after-
MIS comparisons could be made,

Statistical Model

By merging data collected in the 1983-survey
and the 1992-survey, we oblained a panel data
set with 442 observations from 71 farms over
the period 1982-91, on the dependent variable,
i.e., number of piglets raised per sow per year.
Farlier studies evaluating MIS with panel data
showed that least-squares techniques can ac-
count for trend effects and variation in periods
of MIS uwse (Lazarus, Streeter, and Jofre-
Girando; Carmi). Therefore, these panel data
were statistically analvzed through ordinary
least-squares (OLS) procedures (S5AS), A
mised-effects model was constructed to esh-
mate the effect of MIS on the dependent vari-
able. After elimination of nonsignificant
FARM*FYA dummies, the following regression
model was estimated:

(1y  PSY, = a,YRE2, + ... + u, YR9O,
+ B FARMI, + ... + By FARMTO,
+ yFYA, + OMIS, + ¢, (FARM1*MIS),
+... + £,i{ FARMT0*MIS),, + error,

Amer, . Apr. Econ,

where PSY, is the number of piglets raised per
sow per year on farm i in year j (i = farm 1 10
farm 71: j = 1982 to 1991); YR82,. .¥RY0, are
YEAR dummies (e.g.. YR82, = 1, if PSY, is de-
rived in vear j = 1982; otherwise YR82Z, = 0k
FARM1,...FARMT0, are FARM dummies (e.g.,
FARM1 = L. if PSY is derived from farm i = I;
otherwise FARM1, = 0); F¥A is the first-year
adjustment (FYA, = 1. if year j is the first vear
of MIS use on farm i; otherwise FYA, = 0);
MIS, is the MIS effect (MIS,;= 1, if farm { uses
MIS in vear j; otherwise MIS5 = 0); and error,
are normally and independently distributed er-
ror terms: MO, o). Finally, the a's, f's, 75,
d's, and £'s are 125 model parameters to be es-
timated.

A preat advantage of having panel data is that
effects can be estimated both within and be-
tween farms, allowing for a separation of farm-
specific and common (trend) effects. The YEAR
dummies in model (1) control for variation in
the number of piglets per sow per year (PSY)
resulting from trends in management, techno-
logical progress, disease outbreaks, and other
aspects that are common to all farms,

An important distinction between model (1)
and the model used by Lazarus, Streeter, and
Jofre-Giraudo 1s the inclusion of a FARM
dommy for each individual farm in model (1.
After adjustments {with YEAR dummies) for
trends in production results that are common o
all farms, the FARM dummies adjust for varia-
tion between farms in the level of production,
as a result of differences in farm layout, intel-
lectual, and motivational aspects of the farmers
{ Mundlak).

An additional advantage of using FARM dum-
mies 15 that, in this way, only farms with obser-
vations before and after MIS vse can contribute
to the MIS estimate, thus avoiding problems of
distinguishing between production level and
MIS effects on farms that had MIS during the
entire period of data collection.

The process of MIS installation, data entry,
learning and finally using MIS information in
farm management takes time, and MIS benefits
will be delayved. Ignoring this starting period 1n
the estimaton of MIS effects could lead to an
nderestimation of the effect. Therefore, the
dummy variable “First-Year Adjustment”™ (FYA)
was defined. The wvariable adjusts the MIS ef-
fect for starting-up problems and for not having
MIS during the entire year, For example, when
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Table 2. Results of the Analysis of Variance with a Mixed-Effects Model

Type 1T Sum

Source Effects DF of Squares F Walue Pr=F
Model 125 1.776.51 490 = {3,001
FARM Kandom 0 Qa2.T8 373 = .000m"
YEAR Fixed 9 24222 18.74 = 0.0001
FYA* Fixed 1 4.0k 282 00943
MIS Fixed 1 6,58 .19 .0763!
FARM=MIS Fandom 44 147.51 2.33 < (10OCHIT
Error G 45376
Adjusted Total 441 2,230.27

MNote: Dependent varable: nomber of piglets raised per sow per year (PEY), Mean depandent variahie

19, 30; B-square = 0LED; Adjosted

R-square = 01.72; Coefficient of variation = 6.2]; Root mean sqoars ereor = |24,

' F-test with Saltertwaite approximation
* Adiustment for the firse year of MIS use.

a farmer starts using a management information
system in Movember 1984, this will not likely
affect the 1984-observation of “number of pig-
lets raised per sow per yvear,”

To estimate the MIS effect, the variable MIS
was added to the model and so were the
FARM*MIS dummies. These interactions ac-
count for differences in MIS effect between
farms.

Because the regression model has a special
form (only dummy variables), an analysis of
variagnce procedure was used in estimation
{(PROC GLM, type Il 85; SAS). The 70 FARM
dommies in the regression model are repre-
sented by the class variable FARM with 71 lev-
els (and 70 degrees of freedom), and the 9
YEAR dummies by the class variable YEAR
with 10 levels {and 9 degrees of freedom).

The present study was designed to quantify
MIS benefits for sow farming in general, rather
than quantifying MIS benefits for selected sur-
vey farms. Consequently, the FARM effect and
FARM*MIS effect had to be considered as ran
dom effects. A mixed-effects model was ap-
plied defining YEAR, F¥A, and MI¥ as fixed ef-
fects and FARM, and FARM*MIS as random ef
fects. Because of confounding (“only™ 45 of the
71 farms contribuie to the MIS estimate), the
expected mean squares of both the FARM and
MIS effect contain variation due to FARM*MIS.
This results in an overstating of the numerators
in normal F-tests and. therefore, will give rise
o too many significant ontcomes for the FARM
and MIS effect. To adjust for overstatement, an
approximation was employved to adjust the de-
nominators of the F-tests for the FARMEMIS
variation in the numerator (Satterthwaite).

Table 3. Coefficient Estimates of Two Major
Yariables of Interest: MIS and FYA

Std,
Parameter  Coefficient  Error t-statistic Pr>17
MIS! .56 .26 2.14 003312
FYa’ (b 45 027 —1.68 (084 3

UMIS effect = s of “puse" W15 effect wnd avesape FARMW WIS offect
! F-test with Sancrthwaite approximation revedls p = 0,08
T Adjustiment for the Frst vear of MIS use

Results

In this section, the econometric estimation is
provided, followed by tests for autocorrelation,
and checks on influential observations and non-
equivialent control time-series.

Econometric Extimation

The results of the analysis of variance are pre-
sented in tables 2 and 3. The statistical model
explains 80% of the total variation of the nom-
ber of piglets raised per sow per vear, as indi-
cated in table 2. Adjusting for the number of in-
dependent variables gives an adjusted R-square
of 072, Forty-five farms were able (o provide
data on vears before and after MIS adoption,
shown by the 44 degrees of freedom for
FARM*MIS in table 2. The remaining 9 farms
using MIS were kept in the analysis bot did not
affect the MIS estimaie because they provide
only ohservations before, or only observations
after, MIS nse. The results indicate some sup-
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port for an MIS effect (p = 0.08). (The MIS co-
efficient estimate is constructed by adding the
average FARM*MIS effect to the “pure™ MI5 ef-
fect, resulting in the estimate of 0.56; see able
3.) This indicates that from the second year of
WIS use onward average production of the 45
MIS farms (adjusted for other effects in the
model) increased by (0,56 piglets raised per sow
per year. The estimated coefficient for FYA is

0.45 piglets raised per sow per year, indicating
a small MIS benefit in the first year of MIS use
{i.e., .56 - 045 =10.11).

Tesiy for Autocorrelation

A disadvantage of using panel data (or single
time-series) is that the model error terms may
b correlated aver time (autocorrelationy. A ba-
sic assumption of ordinary least-squares (OLS)
procedures (in contrast with methods such as
generalized least-squares) is that the error terms
are mutually independent. Autocorrelation is a
sympiom of systematic lack of fit. Mareover,
autocorrelation adversely affects the efficiency
of OLS parameter estimates and biases standard
errors estimates (Maddala).

Because the Durbin-Watson statistic is biased
toward 2 when using panel data. an alternative
procedure to detect autocorrelation was em-
ployed vsing the linear correlation coefficient r
(Press et al.). The linear correlation coefficient
was estimated after adding a blank error ferm
between different farms in the data set. The es-
timated {auto)correlation coefficient was very
low (0,01} and the nutl hypothesis of zero-cor-
relation was not rejected. This provides evi-
dence of no first-order antocorrelation in the
model. Other correlations between the error
terms {e.g., between farms) are not likely 1o ex-
ist, Consequently, there was no need for vse of
other statistical methods like generalized least-
squAnes,

Check on Influenticd Observations

Influential observations are those that, accord-
ing to various criteria, appear to have a greal
influence on the parameter estimates. A small
number of infleential observations is an indica-
tion for good model stability; elimination of
one of the observations has little or no etfect on
the parameter estimates. A check on Influential
observations was carried out using the
RETUDENT diagnostic statistic of the SAS pro-

Amer J. Agr. Econ,

cedure GLM (5AS; Belsley, Kuh, and Welsch).
According to this statistic, 22 of the 442 ob-
servations in the data set were found to be in-
fluential (¢ = 0.05). However, with multiple
pairwise comparisons representing one of many
“draws™ from the distribution, one may find
(442 * (0,05 =) 22 gbservations just by chance.
Therefore, an aliernative, more appropriate, test
statistic was applied for multiple comparisons:
the Bonferroni t-value. The Bonferroni t-value
is used 1o test the hypothesis that a studentized
residual occurs with a/n probability, where o 15
the probability of mistakenly rejecting the hy-
pothesis that ¢, 15 an outlier when # is the num-
ber of observations in the sample (Kleijnen
1992). In order to protect its power, the
Bonferroni inequality test is usually based on a
somewhat higher error rate, 1.e., an error rate of
0,20 instead of the usual error rate of 0.05
{Kleijnen 1987). In this study, the Bonferroni
multiple comparisons ercor rate was [0.20/
(2*442) =} 0.000226. The corresponding
Bonferroni critical t-value with {442 - 123 =)
317 degrees of freedom is approximated by the
area below the standard normal distribution
function and equals 3.51. According to this
critical value, only two of the initial 22 obser-
vations are influential. Recalculation of the
maodel after elimination of these influential ab-
servations resulted in an MIS coefficient esti
mate of (L80 (p = 0.001}). Re-examination of the
guestionnaires revealed that a serious disease
outhreak and poor recording of one farmer may
explain why these observations are outliers.
However, these problems may (io a lesser ex-
tent) also be present on the other farms in the
survey. Therefore, the more conservative 0.56
estimate is preferred to the 0.80 estimate,

Check on Noneguivalent Control Time-Series

Estimation of the MIS effect with panel data
makes it possible to determine effects within
farms over time. However, we need to check
whether the YEAR dummies are negatively in-
fluenced by the farms that have never used
MIS. If technological progress (besides MIS
use) is lower over time for the nonequivalent
control farms. the MIS effect on the other
(“treated™) farms may be overestimated. There-
Fore, the same statistical model was estimated
with a sample of the data set containing only
farms that made wse of MIS during at least ong
of ten vears (table 4). Due to the reduction of
observations, and hence a reduction in the de-



Verstegen, Huirne, DNjkhuizen, and King

grees of freedom in the denominator of the F
test, the p-value of the MIY effect increased
from 0.08 to 0.12 and the p-value of the FYA
effect decreased from 0.09 to 0.06. It is impor-
tant o note, however, that the estimate of the
MIS effect changed only shightly {(from (L56 to
00.55). The change in the estimate of the F¥YA ef-
fect was also small (-0.45 to ~0.52). This sug-
gests that control farms realized a technological
progress similar to that of the MIS farms, and
therefore their inclusion did not bias the MIS
estimate.

Discussion

In the first part of the discussion, we illustrate
the meaning of the MIS effect in economic
termse, The second part discusses the robustness
of the MIS effect.

Economic Contribution of MIS

In this study we guantified the benefits of MIS
as they are currently used in sow farming by
combining data from two survey studies in a
quasi-experimental, noneguivalent time-series
research design. Panel analysis was conducted
through estimation of a mixed-effects model by
ordinary least-squares. The model contained
one dummy variable per individual farm
(Mundiak) and effects were analyzed both
within farms and over farms at the same time,
controlling for self-selection bias and changes
over time. The resuolt is an adjusted R-sguare of
0.72 {table 2) which is high compared with an
adjusted R-square of 0.18 in a similar study
without FARM dummies (Lazarus, Streater, and
Tofre-Girando), Therefore, 1t 18 possible to
show a fairly strong positive relationship be-
tween MIS use and technical production results
of sow farms (table 2). Adjusted for other fac-
tors in the model, production on farms adopting
MIS increased by (.56 piglets per sow per year,
from the second vear of MIS use onward (table
3). This indicates a positive economic contriba.
tion of MIS to sow farm results. Under normal
Dutch price conditions, the marginal economic
value per sow per vear of one piglet equals U5,
$40), Therefore, the yearly benefits of an in-
crease of 0L56 piglets per sow on a 165-sow
farm (about the average farm size in the sui-
vey) equal %3,696. The cosis of MIS use consist
of hardware and sofiware costs. The retail
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Table 4. Coefficient of Two Major Variables
of Interest, MIS and FYA, Estimated Without
MNonuser Farms in the Data Set

Sl
Parameter  Coefficient  Brror  tstatistic Pr= (71
MIS! 0.55 031 1.79 0.0745¢
FyaAl -0.52 0.28 -1.59 00600

M8 effect = sgm; -:uf"pu.r{-" M3 effect and gveraps FARW=MWY ellear,
* P-tast with Satterthwaite approximation reveals p = 01212
* Adjuszment for the firse vear of MIS nse.

prices of hardware are about 51,500 for a per-
somal computer and $250 for a matrix printer.
The retail price of the MIS software is about
$2,750 with an additional $225 for vearly up-
dates (from the second year onward). Depreci-
ating both hardware and software over five
yvears brings the total yvearly MIS costs to
$1,080. Therefore, the yearly profit of MIS use
on a 165-sow farm equals (3,696 - 1,080 =)
2,616,

The MIS costs of farmers who use central
processing services, instead of on-farm comput-
ers, range from 55 to $7 per sow per year, Le.,
£825 to $1,155 for a 165-s0w Farm. This resulis
in an MIS profit ranging from 32,541 to $2,871
per year, with returns on investments ranging
from 220% [100% * (3,696 — 1,155¥1,153} w
3B {1005 # (3,606 — 825)/825}. Net returns
o labor and management on a 1635-sow farm
are typically about $33,000 ($200 per sow), im-
plying that MIS increase profits between 7.7%
and B.7%,.

An interesting guestion is whether farms out-
side the research population can be expected to
earn this return. The survey farmers, MIS users
as well as nonusers, are not a random sample of
Dutch sow farmers, but are above average in
farm size and production results. The survey
farmers also seem to be above average m infor-
mation-seeking, expressed by a higher MIS
adoption rate {table 1}. Moreover, participation
in the second survey means that all these farms
survived competition in sow farming during the
last ten years and thus might be better than the
average farm. The survey farmers may be better
in processing and incorporating MIS informa-
tion in their farm management, suggesting
higher MIS benefits than with other sow farm-
ers. On the other hand, all the farmers in the
survey already received basie herd information
from the state advisory service. They also had
regalar contact with advisors, implying that
they are likely to receive less valoe added from












