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Socid interaction, treatment and modelling changes in the number of drug users

General introduction

Potential drug users learn both about the costs and benefits of using drugs and about the
probabilities of experiencing these costs and benefits from exigting users. The question in this
paper is how could mode this and what kind of indgghts we can gain from such amodd.

To answer thisquestion | will first present a smple aggregated model of entries and exists
from drug use. Asit turns out this mode has some rather surprising properties— for ingtance
that more money invested in treatment for “serious addicts’ has absolutely no effect on the
number of drug users. One might wonder whether thisredly isa“vaduable ingght” or
whether the “no effect” result is smply an artefact of the modd. To discussthis| will, fird,
examine whether there are plausible microfoundations behind the aggregated modd. The next
sep isto see whether the result hold even if we relax some of the unredlistic assumptions. To
do o, | will use a computer program that initialy can be set to use assumptions like the
mathematicd modd in this paper. The difference between a computer smulation and a
mathematical modd, however, isthat wheressit is often very difficult to include too many
redligtic assumptions and many different types of socid interaction in aforma mathemétical
moded, thisisfar eeser in acomputer program. Hence, the program exemplifies both away to
test the importance of the unredlistic assumptions (jointly, not only isolated) and an
independent perhaps sometimes more useful modelling approach.

Exigting literature

A.M. Jones (1994, p. 101) writes that “The economic literature on social interaction and
consumer behaviour is rather sparse” This may be unsurprising considering the theoretica
and empirical difficulty encountered when we try to model and test socid interaction as
described in two review articles; P. Kirman (199?) and C. Manski (1999). More specificaly,
about forma modelling of interaction in the field of addiction research, the most recent

review (?) is Skog (1982). A recent contribution by an economist is Moene (1999) who
presents aforma modd of the consequences of the desire to conform when consuming drugs
or acohal. A classic contribution on interaction in economicsis Schelling (1978).

The model

| will firdt try to creste asmple mode of how observationd learning could influence the
number of drug users. | will then explore the properties of thismodd and present some
possible extensions — for instance about how to include interaction in preferences and not only
beliefs.

Some definitions

Assume the population (N) at any time can be divided into three distinct groups. Seemingly

happy drug users— Y uppies (Y); Seemingly unhappy drug users — Junkies (J) and those who
do not use drugsin any form — Abstainers (A). We then have:

(D) N =A+Y +J,

To makethings easer later on, | will introduce the following definitions:
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In words, & isthe share of the population at timet that does not use drugs, d; is the share that
use drugs (which includes both the happy and the unhappy users) and so on. These are all
between zero and one and, by definition, a; + y; + ji = 1.

The aggr egate model
The three key equations of the modd are:
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Essentidly the two first equations say that to find this year’ s share of yuppies or junkiesin the
population we smply start from last years share and add those who begin and subtract those
who quit. The last equation represents one way of estimating the probability of becoming a
junkie. It issmply last year’ s share of junkies out of dl drug users.

Slightly more detailed the story is asfollows. Every year some abstainers start to use drugs
(become yuppies). | shal assume that this depends linearly on the probaility of becoming a
junkie; The higher the probability of becoming ajunkie the smdler the share of the abstainers
who will begin to use drugs ( b, isthe share of abstainers willing to try drugs when the
probability of becoming ajunkieis zero i.e. the modd alows for agroup of people who
refuse regardless of the probability of becoming ajunkie). b, represents the share of yuppies
who every year leave the group for whatever reason (There are many ways to leave the group:
they could just quit drugs, they could die, they could be treated, or they could become
junkies).

Smilarly, thereisan inflow of junkies Sncel assumethat every year a share of the yuppies
become junkies (d, isthe proportion of yuppies who every year turn into junkies). Moreover,
every year some junkies exit from the group — they either die or are treated (become
abstainers) (d, is the share of junkies who exit the group every year).

Findly, the probability of becoming ajunkieis givenby the ratio of last year’ sjunkiesto last
year’ s drug users — see (5). The more junkies there are out of those who have used drugs, the
higher the probability of ending up as ajunkie. Note that thisis not necessarily the best
possble—or “rationa” - estimate. A rationa person who knew the modd above and believed
it to be correct, could argue as follows. Assume | start to use drugs this year. What could
happen to me next year and what are the probabilities? | could just quit drugs, | could die, |
could become ajunkie. The probability of becoming ajunkie next year is d, . The sameistrue
inyear 2, year 3 and so on (given that you dill isayuppie). It is, however, very difficult

(?0r?) to work out the true probability of becoming ajunkie given that the modd only



operates with an aggregated “exit” parameter. | have not used a separate parameter for death,
treatment, and “just quitting.” Hence, if | start to use drugs at t=0, then the probability of
becoming ajunkie at t=2 must congder firgt the probability that | still am in the yuppie group
and second the probability that | am among those yuppies that become junkies. Thelastis d, .
Thefirdis 1- b, We must then work out the probability of becoming junkie & dl future
times (Could be a problem here with assuming infinite lives unless there is convergence —
before 1?). (aso problem: switching in and out) (I will work on this, but right now al | want

to do is to examine the probability asit is specified. Alternative and more “rationd” estimates
will be investigated later).

We have some information about the Sze of these parameters. Mathematicdly, alogica
consequence of the set up isthat the inflow of junkies from yuppies cannot be larger than the
share of yuppies which disgppear from the group (i.e. d, < b, ). Also by definition al the
numbers are between zero and one. If we alow “outsde information” we could also make
plausible guesses as to the general size of the other parameters. d, is a least larger than the
desth rate (which is around 3%). Moreover, one might believe that resources spend on
trestment should affect d, (One could try to find out how much 1 million more spend on

trestment will change d,, ?). We know something about how many people who use drugs from
questionnaires (often about 20% of youth report having tried cannabis, but only 3% of youths
—15-20 — report thet they are regular users - yuppies). We aso could aso estimate the number
of junkiesin Norway to about 10 000 if we are willing to equate “junkies’ with “injecting”
drug abusers. Using this (and more) we can be more sure about where to start when we use
numerica Smulations to examine the properties of the system; and it may aso be easier to

find andytic solutions; and findly, we know something about in which region it is useful to

look. A “strange’ result with plausible parameters is much more interesting than a strange

result using implausible parameters (e.g. in a computer Smuletion).

The properties of the model

Wheat kind of questions would we want the answers to when faced with the mode above?
Firg of dl 1 would want to know which variables (and how) influence the equilibrium share

of junkies, the share of yuppies and the share of drug users. Of course, this presupposes the
exigence of an equilibrium and we have to investigate this too. Moreover, | want to know
whether the equilibrium is unique or whether the system crestes multiple equilibria. Findly,

one might ask questions about the stability of the equilibria, the speed of convergence towards
equilibria and whether the equilibria are optimd in some specified sense.

Define equilibrium as a situation where the number of junkies and yuppiesis stable from year
to year. Thisimplies that every year theinflow must be equd to the outflow. Hencein
equilibrium:

(6) bla(l' p) = bzy

(7)dyy=d,j

Subdtitute for aand p in (6) and we have:
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All the dements contain y so this can be smplified by dividing each sde by y. Note that
divison by y is not asinnocent as it may look. Firgt of dl it excludes a least one possible
equilibrium (y=0, j=0). Anyway, we find & least one possible equilibrium by dividing by y to
Qget:
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Subdtitute this and solve for j:
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And, interegtingly (Snced =j +Y)
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After this| know the following:

(a) There are a least two equilibria (y=0, j=0) and the one given above (importance of
knowing this? Non-linearities and lock-in? Policy-implications? Or just:
understanding/explanation?)

(b) I suspect (based on numerica smulation) that y=0, j=0 is unstable and that the other is
gtable. (The numericad smulation also suggested the existence of other equilibria except the
ones | have found). (I will try to investigate this more formally using Ligpunov)

(c) Surprisingly (at leest initidly): The equilibrium share of drug users (d*) is not affected by
d, (the proportion of yuppies becoming junkies every year) or d, (the share of junkieswho
quit every year). Thisisimportant because trestment (of junkies) can be viewed as away of
incressing d,, . One might hope that this would reduce the equilibrium share of drug users, but
in the modd thisis not the case. In fact, the result is quite intuitive: Trestment initidly

reduces the number of junkies. This, in turn, implies that there are fewer junkies and that the
probability of becoming ajunkieis reduced (if calculated as specified in our modd). Since the
probability of becoming ajunkie is reduced, more abstainers are wiling to try drugs and there
isan increase in the share of yuppies. Finaly, the modd predicts that the reduction of junkies
(asareault of trestment) will exactly balance the increase of yuppies and the net effect on the
number of usersis zero.

Note two crucia elements here. First of dl, the way people form expectations about the
probability of becoming ajunkieis crucid. More sophidticated individuas might realize that
the reduction of junkies as a consequence of treatment should not reduce the probability of
becoming ajunkie. The sophisticated individua might also base his estimate on more
information than last year’ s shares. More sophisticated modelling of the expectation
formation mechaniams is therefore one possible extenson of the modd. (But thisdso
demands a more detailed modd in which the “exit reason” is given)

Second, the transfer from yuppiesto junkiesisvery fast in thismode. A large inflow of
yuppieswill result in alarge inflow of junkies after only one year. One might try to build

more sophisticated modelsin which the individua spends severd years as a yuppie before he
(sometimes) becomes ajunkie. The speed and symmetry (in the sense that implicitly peoplein
the mode are yuppies and junkies for an equd length of time) of the flow of peopleis crucid
(I conjecture) to the conclusion thet treeting ajunkie will not affect the overal number of

drug users. The reason is asfollows: Aslong as people are yuppies they are “ contagious’ is
the “podgitive’ sense that they increase drug use (by making it look less harmful to aostainers).
Jdunkies are aso “ contagious’, but thistime in a* negative’ sense: they reduce the number of
drug users by frightening the potentia users. If you spend the same amount of time being
positive as negative contagious the net effect is zero. If, however, the time period as ayuppie
islonger than the period as ajunkie the net effect is pogtive (you recruit users). It would dso
imply that treating a junkie would increase the equilibrium share of users (d).



Note also: The speed of the adjusment is respongible for making it difficult to capture waves
(say adrug isusad for some time and then dies out because people learn about its harmful
Sde effects).

All of this points to the need for amore sophisticated model since there is no reason to
assume that people are junkies and yuppies for an exactly equa time period. This could be
done ether by usng a computer modd (in which j; easily can depend on y;.-g), or introducing
some kind of mathematicaly tractable lags (Almond/K oyeck?)

(d) Not only do I know which variables enter into the equilibrium solution. | aso know how
the variables enter. For instance, the number of usersis smply the share of abstainers willing
to use drugs when p = 1 divided the sum of the same variable and the share of yuppies who
dissppear from the group every year. It is more difficult to interpret j and y verbaly (except

just to gateit verbaly), but we a least we know in a mathematica sense how the variables

relate to each other in equilibrium.

(e) | have so far not said anything about the speed of convergence towards equilibrium.
Andyticdly it is difficult (and it may be impossible) to solve the sysem since you have to
solve anontlinear difference equation. There are well known methods for solving linear
difference equations, but non-linear are often close to impossible to solve. As a subgtitute,
however, | ran some smulations to examine the speed of convergence. The figure below
shows the result from one such smulation in which the gtarting point was set as follows
60000Y O (yuppies)
10000J0 (junkies)
0,142857Initial probability of becoming ajunkie
70000Total drug users
30000(b1)vanskelig tolkning? generasjonsstarel se?
0,2(b2)andel yuppies som slutter
0,05(d1)andel som blir junkies hvert &
0,07(d2)andel av junkies som forsvinner hvert &

| wanted to examine how fast the system converged upon equilibrium so | introduced a
“shock” after about 50 periods. The number of junkies was then about 62 000 and | just
assumed an exogenous shock that reduced their numbers to 50 000. It turned out that the
system returned to (the same) (amost) equilibrium after about 25 years.
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(f) I can try to estimate the effect of changing the parameters. For instance, more trestment
could be viewed asaway of incressing d,. We could then use the analytic solution to say
something about how much an increase in treetment (say of 0.1) will change the equilibrium
levels of junkies and yuppies. (And we might try to calculate the monetary cost of increasing
d, by 0.1). We could then say things like “10 000 000 more spent on trestment (of junkies)
will result in a (long run) reduction in the number of junkies by x% and an increasein the
share of yuppies by y%" It would here be interesting to compare, for instance, the effect of
tresting yuppies (increesing b, ) vs. treating junkies (increesing d, ). Of course, the faith we
havein the conclusons depends on whether we believe the modd isredidtic. This, inturn,
depends partly on the redlism of the assumptions. (Why “partly”? We may believe the results
of amodd even if the assumptions are unredistic when we know that the assumptions are not
important in generaing the resultsi.e. we could relax the assumption and il get the same
result)

So, Try to explore these question:

(1) Redlism of modd and

(2) Do we get the same results when relaxing assumptions.
(Have adready noted some potentia important assumptions. )

(1) Depends heavily on “microfoundations’ so discuss this.
(2) Then explore whether the assumptions can be relaxed. How: Use computer smulation of
more complex assumptions.

But note here: Theligt () to () represents “new” knowledge gained by mathematica
modelling (and partly unavailable to other techniquesiverba reasoning?). Of course, whether



thisisussful knowledge is another question (again must be redligtic to have policy lessons. is
it? examine microfoundations and other assumptions)

Microfoundations
The am of this section is to examine possible microfoundations to the aggregate functions
explored above.

The generd ideais that each year every abstainer decides whether to begin to use drugs or
not. (An dternative interpretation is that every year a new generation — say dl those who turn
20 — make up their minds. Why? Seems unredlidtic to assume that everybody — children and
pensioners — decide this every year). Assume they do so by weighting the costs and benefits
of taking drugs and the probabilities of experiencing these costs and benefits. A very generd
formulation of thiswould bethat a time*“ t” person “i” decidesto use drugs (D) if the
expected utility of drugs exceeds the expected benefits of some other action he might take.
We assume that once a person has decided to use drugs there are only two relevant end- states
to be consdered: Either he will end up asajunkie or hewill end up asayuppie. Lifeasa
yuppie is considered to be attractive; life asajunkie isless atractive. The expected utility of
taking drugs is then:

EU|t(D) = ann(‘]) + (1_ pit)U it(Y)

where pi; isthe individua’ s probability of ending up asajunkie and Uj(.) represents the
person’s estimate of the tota (discounted) utility of your life () depending on whether you
end up asajunkie or yuppie.

Given the formulation above there are only two waysin which socid interaction can be
important: Either your estimate of the probability of becoming ajunkie isinfluenced by other
people in the population or your estimate of the utilities is influenced by other people. (A third
possbility might be whether D isavailable a dl — something that often depends on “others.”).
In this paper | only try to model one particular way in which a person’s probability of
becoming ajunkieisinfluenced by observationd learning. To make things smpler then, |

shdl make the following assumptions:

Pi = P, "
U.()=U() "it

i.e that every individua uses the same probability of becoming ajunkie and that the utility of
ending up asajunkie or asayuppieisthe samefor every individud at dl times. [| dso
exclude — for now — interaction and learning about the Sze of the costs and benefits; the
utilities). Thisimpliesthet at abstainers at timet base their decison as to whether or not to
begin to use drugs on:

EU,(D) = pU@)+(1- p,U(Y)

The formulation so far is, perhaps, dien enough to deserve some comments. The equations
above are ddiberately stripped of some features that are often considered to be important in
the decision to use drugs. For instance, Aindie (199?) argues that discounting based on
incondgent time-preferences is potentialy important. | have smply assumed this problem



away by ignoring explicit moddling of time-preferences. All | need isthat the individud has
some idea of the utility associated with life asajunkie or life as ayuppie (as end-ates). This
is not because | believe discounting is unimportant, but because the focus of this paper ison
interaction and not on discounting. Similarly, Becker and Murphy (19xx) argue that people
have different utilities associated with drug use and that thisisimportant in agtory of entries
and exits from drug use (some people have more to loose; some people have miserable lives
anyway and so on). | assume that everybody has the same utility attached to the dternatives.
Once again thisis not to deny the importance of heterogonous utility estimates, but it is
impossible to modd everything a once and my focusis— initidly — not on different utility
estimates. (Orphanides + Z. modd is more Smilar in structure)

There are, however, some smplifications that cannot be defended with the phrases “thisis not
my topic.” Frst and foremost my microfoundation seemsto imply that al abstainers either
dart to use drugs or do not start. | need some kind of heterogeneity that allows some
abstainers to begin to use drugs, while others do not. Here are some suggestions:

1. Different p’ssince different people meet different people

If we relax the assumption that everybody has the same probability estimate, we could cregte
amode in which some people (randomly) have high estimates while others get low estimates
of the probability of becoming ajunkie.

Interpret p as the result of people YOU have met (i.e. not the true population ratio). Some
people will by coincidence meet more yuppies than others; otherswill — by coincidence —
meet more junkies. We have:

_ i

d

Pit

it-1

Mathematicaly it would not be too difficult to find out the proportion of al abstainers that
would get ap lower than a certain limit given that the true p isj/d. E.g. binomid digtribution,

S0 has variance np(1-p) and expectation (np) where n is the number of “meetings’ we assume
every year. If need: could use norma approximation to find answer. All the people with ap
lower than some limit pp would start to use drugs.

We could then find an equilibrium (not corner solutions) even if people have the same utility
functions and so on; In agroup of smilar people some will meet more yappies and hence
begin to use drugs (not because they are “different” people but because they by accident meet
more yappies than the true population level). One could here make some speculative
predictions about how the number of friends would affect drug use (if people in generd have
few friends, many people will have probability estimates that are way off the true population
shares. Alternative interpretation: People with few friends become drug users more often than
people with many friends? Assuming true leve is on average deterring.

The aggregate function of entries would, however, no longer be alinear function of p
(conjecture).

It would be quite easy to include speculations about several mechanisms that affect p:

- overconfidence (decrease p)

- amechanigms that works like this: the more users there are the less the sigmais and the
more “visible’ happy users become (p decrease)



- amechanismsto the effect that junkies are more visble (walk around openly) while many
yuppies hide their use (Snceit isillegd + gigma) = p increase

2. Third parameter: Moral cost of drug
We could introduce a third parameter. Say, for instance, the population is heterogeneous with
respect to some “mora cost” associated with the use of drugs. We would then have:

EU,(D) = pU@@)+(L- pU(Y)- m

Alternatively there could be a variable associated with the dternative (not taking drugs) that
varied across the population. Whether this would produce alinear increase of yuppiesin p
depends on the digtribution of m. If it is uniform, we have alinear cumulative digtribution. If
itis say, normdly didtributed, then the cumulative function is more like an S and we will
have multiple equilibria

3. Different risk attitudes

My initid ideawas to have a population with different risk attitudes. Thet is, some people
would take drugs when the probability of becoming ajunkie was 0.1, others would not. This
ispossible, but it turned out to be more difficult that | thought to formulate thisrigoroudy
enough to judtify the clam that my aggregated functions had good microfoundations. Thisis
something which | will work on. The problem isthat risk-attitudes is usualy incorporated in
the utility function (e.g. when measured by Pratt-Arrow: a measure of the degree to which the
indifference curve is bent or straight) so then | have to dlow heterogeneous utility estimates.
Thisis OK, but it turned out to be dightly more difficult to rigoroudy judtify the link between
the utility functions and my linear aggregates. What assumptions must be made about the
digribution and nature of individud utility functions in order to make my aggregated function
linear in p? On the other hand, there is not need to indst on linearity and | could try to
experiment with non-linear effects of changesin p (on the share of junkies and yuppies).

Initidly 1 will just use (2), but sncethisisdmogt like cheeting, | will also try to do some
work on (2). | will —at least right now - forget about (3) athough there might be some
interesting results waiting to be discovered there?

| dso want to make the link between micro and macro even “tighter.” All the macro equations
should de formdly derived from micro assumptions.

Computer program
| am close to finishing the computer program. Theideaiis asfollows:
- Start with apopulation of — say — 1000 people
- Every person is given some characterigtics
- isheajunkie, ayuppie or an abstainer
- hissubjective “fear” limit (He will not use drugs when his p is above that)
- his subjective cost estimate
- his subjective “benefit” etimate
- his“mora codt” of usng drug
- many other variables could be included: gender; age; start of drug caresr;
discounting/impatience; strength of “autonomy”; children; number of friends ...



- Initidly the program tells the computer how many people that should have each
characteristic (how many junkies, yuppies, abstainers there are and how the probabilities and
utility estimates are)

- Interaction

Then thereisinteraction. How? | smply say that each person should meet n other person
(randomly selected). The characteristics of the people he will meet then affect that person
(Should there be interaction both ways or just one affected by the other? Both ways). N could
be a congtant for al — or we could let n vary — some have many “meetings’ while others have
few. Could aso let people to a greater extent only interact with people who are “smila” in
terms of characterigtics?). Interaction changes the probabilities and cost estimates and maybe
some of the other characterigtics. If you meet many happy users, your fear of usng drugs
decreases and maybe a so the benefit estimate increases.

(So far interaction isonly “loca” — could have more “globd” interaction like aperson
edimate of gigma is affected by overal number of users eg. as reported in newspaper)

- Entriesand exits
After interaction dl the abstainers decide whether to use drugs or not by caculating

EU, (D) = pU(J)+(L- pU(Y)- m

and comparing thisto their “threshold.” Based on this some change their status from
abgtainers to yuppies. Some yuppies aso become junkies. And some quit, die, are treated in
both groups and exit for that reason.

| am dmog finished with averson of the program, but it istoo early to say anything about
theresults. At least | can numericdly investigate some of the properties of the model and
examine the effects of changing the parameters more eesily. | can aso more easily creste
more complex models and smulation. (Initidly the moded can be st to use vaues that make
it equa the mathematicd modd — then | can introduce more complex assumption). | can dso
examine the question of how long time on average aperson isayuppie and ajunkiein the
smple modd.

Ideax To focus more on the exit decison. So far most of the attention has been focused on
abstainers deciding to be yuppies and the factors that enter that decison. What about the
decison to “just quit” drugs? Also influenced by p? Could mode this too.

Conclusion
Too early to say!



Appendix 1. Modélling the absolute numbers and not the share of junkies, yappies

We have:
Yl :Yt—l + bl(l' pt) - bZYt—l
‘]t = ‘]t—l +dlYt—1 - d2‘]t—1

J
D

t-1

P =

t-1

The main difference from the system in the paper isthat thistime | use variables that are
measured in absolute numbers. | have dso changed the first equation. | might, of course, use

big A (as| usad little A in the first modd), but | want to try thisin order to see whether the
interpretation of the model becomes easier.

The solution becomes even smpler than the first modd. In equilibrium:
J
1- —)=b)Y
b,(1- =) = b,
dYy=d,J

From the first equation:
(J+Y)b,(2- J—iY) =b,Y(J +Y)
b,(J+Y-J)=bYJ+b,Y?
b,(J+Y-J)=b,Y]+b,Y?

b,Y =b,YJ +b,Y?
b, =b,J +b,Y

d
Know: Y =—2]

d
b, =b,J +b2JE2

bldl = bZdl‘] + bZ‘]dZ

J* - bldl
b,(d, +d,)
which impliesthat,

oo bd,
b,(d, +d)



(Compared to the solution in “shares’ thisis an even more “degant” solution — & least in the
sense that it reduces to a very short expression)

How should the parameters be interpreted in this model ?
b, ,d,,d, havethe sameinterpretation

b, : The share of ygppies who leave the group every year
d, : The share of ygppies which every year become junkies
d, : The share of junkies who leave the group every year

b, however has a different interpretation. It all depends on how you view the model. One
possible interpretation could be that we assume that every year only people who turn 20 year
sold make a choice as to whether or not to use drugs. b, could then be the number of people
in that group (say about 30 000 individuas). Thisisrelated to the interpretation of “ share of
people willing to use drugs.” Both try to capture the Sze of potentid users. However, the
problemisthat b, isadso intended (?) to adjudt the effect of changesin the probability of
becoming ajunkie. Thereis no reason to assume (?) that a 20% increase in the probability of
becoming ajunkie necessarily will lead to a 20% increase in the number saring to use drugs
(which would be the case without b, ). In short, there remains some work on the interpretation
here and the intuition of the modd. (We might aso have to worry more about population
growth when we use the modd with absolute numbers.)



