








4. Apparent Changes in Direction of Trend

However the amount of noise in a trend is
measured, certainly a critical issue in reporting percent
changes is whether the change is significantly different
from 0. In this light, we would like to know under what
conditions the presence of noise in level estimates might
cause a trend to appear to change sign.

If Mieng < O, this means that the addition of noise
to the level estimates caused the trend to change sign.
Intuitively we would expect that the true trend would have
to be very small in order to be so adversely affected by the
noise as to appear to change direction. Is this the case?

M,
 Note that M <0 < —“4—’————-——1-<0 .

If R > 1, then

Mt <0 & (2)R-1<0 & ()R <l & Mctel,
It stands to reason that this requires M, < M, considering

that the true trend is upward but the noise makes it appear
to be downward. IfR < 1, then pf, . <0 & _th>%>1

by a similar argument.

In either case, in order for Mgenq to be < 0,
My

va and its multiplicative inverse, taken as a pair, must be

“farther away” from 1 than R and % are, but in opposite

directions. More precisely, the interval (%,R) [or

(R, %), depending on the size of R relative to 1] must be
contained in the interval (4, ) for (M 2 )ifR < 1],

This condition is very rarely met, mainly because
of the restrictions imposed in Evans, Zayatz, and Slanta
on the updating of individual establishment noise
multipliers from one period to another. These restrictions
were designed to maintain the utility of trend statistics,
and the net result is that M, seldom differs from M, by
more than about 1%, whereas most trends are larger than
this.

The results from the test with County Business
Patterns data reinforce this assertion. Of the 3486 trends
examined, only 376 (slightly more than 10%) changed
sign even once over all 100 replications. Of these, about
50% were trends whose true values were less than 1% in
magnitude, again illustrating the susceptibility of very
small trends to being obscured by even a small amount of
noise. Of the remaining 50%, the majority were trends in
cells that were dominated by a very large contributor or
contributors, i.e., sensitive cells. In such cells, the net
noise multipliers M; and M, are very close to (and in
single-contributor cells, identical to) the establishment-
level multipliers m; and m, assigned to the dominant
contributor. (If the cell is dominated by 2, 3, etc.
contributors that are all perturbed in the same direction,
the effect will be similar to that of a single dominant

contributor.) It is not uncommon for these individual
establishment multipliers to differ from each other by
several percent, so for these sensitive cells that exhibit
micro-level behavior, the ratio of the net noise multipliers
can easily exceed the size of the true trend, resulting in the
trend appearing to change direction. (Section 5 discusses
sensitive cells in more detail.)

For the majority of cells, then, noise does not
cause the trends to change direction. The only exceptions-
are trends that are very close to zero to begin with (in
which case measurement errors probably make their true
direction questionable anyway) and trends in sensitive
cells, for which an apparent change in direction is not
necessarily undesirable and can even be looked at as a
form of protection.

5. Differing Effects on Sensitive vs. Nonsensitive
Cells

A final area of concern is whether there will be
differences in the amount of noise that typically results in
trend statistics for sensitive cells as compared to
nonsensitive cells. In assigning noise multipliers to
establishments, the goal was to ensure that sensitive cells,
whose values (i.e., level estimates) need to be protected,
would receive large amounts of noise, while at the same
time trying to minimize the amount of noise that would
appear in cells that aren’t at risk for disclosure. Ideally
we would like the same to be true for trend statistics — that
trends for nonsensitive cells remain relatively untouched
by the addition of noise but that trends for sensitive cells
be more noticeably distorted.

Examination of the County Business Patterns
data yields mixed results in this regard. When noise is
measured in relative terms, a comparison of the
distributions of the amount of noise in sensitive cells vs.
nonsensitive cells indicates that trends in sensitive cells
get only slightly more noise than those in nonsensitive
cells. When measured as a simple difference between
noisy and noise-free trends, the amount of noise in
sensitive trends is much greater than in nonsensitive
trends, but even here there is some cause for reservation.

We observed that the most extreme (largest in
magnitude) year-to-year changes almost always occur in
sensitive cells. As mentioned in the previous section,
values in sensitive cells reflect the behavior of only one or
two dominant companies, while nonsensitive cells
generally have many contributors and hence describe
more aggregated, macro-level behavior. Naturally, we
expect more variability at the micro level. Just as noise in
individual establishments has a tendency to cancel out as
the establishments are aggregated into cell totals, so too
will highly divergent percent changes in individual
establishments tend to produce a more moderate estimate
of change as more establishments are added together.




Conversely, it is the sensitive cells whose values of R
have the potential to differ the greatest from 1 by virtue of
their describing what is effectively micro-level behavior.
Considering the results of Section 3, these sensitive cells
would be the most immune of all cells to having their
trends disturbed by the addition of noise.

6. Conclusions

The situation regarding sensitive vs. nonsensitive
trends raises a very important question: How much
protection do we need to give to trend statistics? If we are
looking at a cell that is dominated by one large
contributor, is it sufficient to protect the level estimates
and simply let the trends fall where they will, even if the
trend in the presence of noise is virtually identical to the
true trend? Would the noise in the level estimates
discourage users from putting too much faith in the trend
for that cell, even if in actuality the trend computed from
the noisy estimates were a very close approximation to the
true value? ;

Also at issue is how protection is measured, and
more generally how the amount of noise is measured, for
trend statistics. Measuring noise in relative terms can
overstate the seriousness of the distortion in trends that
were very close to zero before noise was added. On the
other hand, measuring noise simply as the difference
between the noisy trend and the true trend can imply more
protection than actually exists for trends that were very
large to begin with. It is our feeling that neither method
is satisfactory and that better criteria need to be developed
for evaluating the amount of noise present in trends.

Finally, as mentioned in Section 3, we need to
decide how much noise is acceptable in trends for cells
that aren’t sensitive. Noise is desirable in sensitive trends
as a means of protecting respondent data by preventing
data users from recovering the true value of the trend from
published results. At what point does the amount of noise
in nonsensitive trends preclude users being able to draw

meaningful conclusions from them as well?

The answers to the above questions will
probably vary from one survey to another and from one
data user to another. In any event, they cannot be
answered mathematically (other than the measurement
question) and must therefore be left to policy makers.
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