Systematic Errors in ^Standard~ Background Estimates of

Milagro Data

T.J. Haines

LANL, December 14, 1999

Motivation

In thinking about the methods that we have developed over the years to perfor mour background est imates for source searches, I have been troubled for some t ime now bythe question o fhow large might the systemat ic errors be in these background est imates. In fact, since we fir st began proposing Milagro, we have always known that the signal to background for known sources was expected to be ver ysmall, e.g. ~10 -3 for the Crab, and as small as ~10 -5 for the galact ic plane. We knew that the expected data rate from

Milagro would statistically allow us to reach these levels o fsensit ivit y. I have always been amazed that we have not been quest ioned about the systematic problems wit h getting a background est imate this small. I guess I should be thankful that no reviewer was smart enoughto bother us about this, because we would not have had an answer !

In any event, the purpose ofthis note is to begin to layso me groundwork for a discussio n ofsystemat ic errors in our measurements. In the distant past, these were addressed by a var iet yofmeans. Regarding systemat ics in background est imates, var ious Monte Carlo calculat ions were perfor med to show that the method was free o fsystemat ic to the necessar ylevel. False signals were inserted into the analys is to studyin detail the lost efficiencydue to the background method, most lybecause ofthe overest imat ion ofthe background due to the ^bootstrap~ methods used at the time. Similar Monte Carlo or other analyses have not been per formed to demonstrate the current analysis methods used on Milagro/Milagr ito data are valid. The remarks and examples below mayor maynot apply to analyses per for med to date; I hopetheyare kept in mind as we design new analys is methods to delve down into the background and mine the signals there.

Description of Some Methods of Background Estimation

The problemo fcourse is that we have no wayto ^dead reckon~ the expected background level in any portion of the over-head sky. Using the rather symbo lic language o fthe source techniques paper [ D.E. Alexandreas, NIM A328, 570(1993)], the number of backgorund events expected to fallwit hin a bin ( in so me coordinate system, here not to be specified) is

( Eq. 1.)

where the integralis taken over the pathofthe (here not specified) source throughthe local sky. The localcoordinates are obviously q (zenit h angle), j (azimuth) and t (time).

òòò · = dtddt R Nb

j J j J e ), , (

The var iable e represents the fact that the integral is taken over the paththat the celestial

source takes throughthe localsky.

The method I first developed, that wsa used for the ^allsky~ analysis [ D.E. Alexandreas,

Astroph. J 383, L53(1991)], performed this integral via a Monte Carlo integration, in

particular by assuming that R( q , j ,t) was separable into R( q , j ,t) = E( q , j ) * R´(t). This

was the first ofvar ious ^bootstrap~ methods, where we use the observed data are in so me

wayrandomized to represent the expected background. Other important assumptions are

that E( q , j ) could be measured by binning the data in localcoordinates (i.e. by using the

observed data to determine the background rate, with small contribut ion fro mthe source

itself), and it is a constant for a period oftime (~12 hrs.) except for overallrate var iations

that are described by R´(t). The Monte Car lo integration was per formed bya rando mre-

assignment oflocalcoordinates to each event, with the new coordinates chosen fro m

E( q , j ) and the new coordinates and time deter mining the new celest ial coordinates for

the event. Each ^fake~ event was assigned a completely new r ight-ascensio n and

declinat ion, thus perhaps this method should be termed ^coordinate swapping.~ This

procedure was repeated 10 times for each event obser ved by Cygnus.

Another more generallyemplo yed method for background estimat ion via Monte Car lo

integrat ion of eq . 1. was developed later by W.P. Zhang and used in the ^dailyexcess~

[ D.E. Alexandreas, Astroph. J. 405, 353(1993)] paper and others. Inthis method, eqn. 1

is better re-expressed as the following:

òòò · = dtdhadt ha R Nb )()(),, ( d d e

where ha and d are the localcoordinates ofhour-angle and declinat ion. R is again

assumed to be separable into a part that depends ontime and another on local-

coordinates. Re-assigning a new t ime to each event perfor ms the Monte Carlo

integrat ion. The ^fake~ event is transfor med onlyin r ight-ascensio n with the declinat ion

remaining fixed, thus the ^time-swapping~ terminology. It is computationallymuch

faster, thus more often emplo yed.

A slight var iat ion on the above is the so-called ^direct integration~ method descr ibed in

e.g. Milagro memo #55, ^Search for Point Sources and Emissio n fromthe Galact ic Plane

in Milagr ito~ byAndy Smith. Now instead ofperfor ming the integration via a Monte

Car lo method, it is integrated via a numer ical method. E(ha, d ) is obtained fro mthe data

over a long time per iod (~2 hrs.), and nor malized to have unit totalarea. The numer ical

integrat ion is per for med byper for ming the ^ dt ~ integration each 24 seconds. The number

ofevents obser ved is calculated for the 24 second period, and the background in celest ial

coordinates is incremented bythe appropriate amount E(ha( ra), dec) times the number of

events observed in the 24 seconds.

The Problem Stated

The problemthat I address in this note comes fromtwo causes. The first is that we are

inherent lyusing two different coordinate systems (local and celest ial) in allo four background calculat ions. The second is that, because our calculat ions are allper for med

numer ically, the data and/or background estimate are placed into bins in the relevant

coordinate system. The problemis that the bins in one systemdo not perfect lyalign

themselves wit h the bins in the other system.

This is (poorly) illustrated in the following figure, in which the localcoordinate system

( in this example, hour angle and dec) is given bythe dashed lines, and the celestialone

given bythe so lid lines. This is the situation for a particular instant in time. Obviously

the centers ofthe bins do not coincide; I have drawn it this waypurposely to illustratethe

point. Given so me area in the celestialsky, we want to evaluate the continuous integral

ofthe background distribut ion over that patch ofsky(the source bin). We may

approximate this, for example in a method like the ^dir ect integration~ method, by

breaking up the source bin into many smallbins, and evaluat ing the background in each

ofthese bins by using the value ofthe background in the corresponding localcoordinate

bin. As shown, these may or maynot align themselves.

dec ha

dec ra

A slight lydifferent situation presents itselfwhen we are per forming a background

estimate for the galact ic plane, or when we are using azimuth and zenit h angles to

descr ibe the background distr ibut ion in localcoordinates (as in the ^coordinate

swapping~ method). Inthis case, the two coordinate systems are locally rotated with

respect to each other. This causes an effective shift (similar to above) locally o fone

coordinate systemwit h respect to another. Again, binning effects cause a systemat ic

error in this situat ion.

Result s from a Toy Model

Mytoymodelofthe situat ion is that the background distribut ion, in localcoordinates,

depends only on declinat ion, and is a constant in hour angle; this is appropriate for long averages (>>1 day) ofthe background distribut ion. The main reason for this cho ice is

that it gives the lowest value for the systematic error that I amexplor ing. Said

different ly, any short time determinat ion ofthe background E(ha, d ) (or any

determinat ion ofE( q , j )) willhave a non- linear dependence on both coordinates. This

non- linear it y, after binning, willshow itself as a systematic error after the integration is

perfor med. Thus, I ambeing the opposite ofconser vat ive here , I amest imat ing a

minimumsystemat ic error.

The declinat ion distr ibution as observed fro mMilagr ito data (for Nfit >40) is shown in

the fo llowing figure

Where I have included a crude cos 7.5 ( d ) modelfor compar ison. You can see that this

isn´t such a bad modelo fthe data observed to the north ofour lat itude, but doesnot

represent the data particular ly well to the south; much ofthis difference is due to solid-

angle effects. I will use a cos 7 ( d ) modelin the calculat ions presented here.

For simplicit y, I have chosen the background to be a constant in hour angle. This

removes one var iable (time) fro mthe problem. (As stated above, this unrealist ic

simplificat ion also results in an underest imation o fthe systematic error). So, to

0

10 000 00 0

20 000 00 0

30 000 00 0

40 000 00 0

50 000 00 0

60 000 00 0

70 000 00 0

80 000 00 0

90 000 00 0

10 000 00 00

1 14 27 40 53 66 79 92 10 5 11 8 13 1

Dec li na ti o n+90 de gree s

Obs e rved dis t’n.

C os (de c )^7.5 summar ize, I assume the true background distributio n ofevents to be E(ha, d ) = const *

cos 7 ( d ), and I integrate (numer ically) this distr ibution over the corresponding background

region ofinterest to determine the true background level.

The ^direct integration~ method ofbackground estimat ion is easiest for me to modelin a

semi-analyt ic way, and I do so bythe fo llowing procedure. At some point in t ime, t, I am

interested in determining the background for a region at ( ra, d ) ofwidth d ( ra) by d ( d )

wide; I assume that d ( ra) = d ( d )/ cos ( d ), as usual. The background densit yat ( ra , d ) is

determined by the background densit yin the bin at the corrsponding localcoordinates

((ha, d )). The estimated background levelin the bin is then the background densit yat the

corresponding (ha, d ), times the size ofthe bin. I define the systematic error to be the

fractionaldeviat ion ofthe est imated background fro mthe ^true~ background ( i.e. error =

(true ˘ estimate)/true).

As shown above, in generalthe bins in ( ra, d ) are not perfect ly aligned with those in (ha,

d ). To illustratethe size ofthis effect, this figure shows the relat ive fract ional error in the

background est imate as a funct ion ofthe misalignment in declinat ion ( in degrees) for an

area of0.2 by0.2 degrees.

-2.00E-03

-1.50E-03

-1.00E-03

-5.00E-04

0.00E+00

5.00E-04

1.00E-03

1.50E-03

2.00E-03

2.50E-03

0.00E+00 5.00E-02 1.00E-01 1.50E-01 2.00E-01 2.50E-01

Step from 0,0

Relative Error at 46deg. dec

As one might expect fromconsiderat ions ofTaylor´s theorem, the ^best~ estimate ofthe

integralis the area ofthe bin t imes the densit y at the center ofthe bin, and this is borne

out bythe figure. However, in generalthis willnot be the misalignment, a more typical

value being ~1/4 ofa bin corresponding to a relat ive error of~10 -3 .

Taking the center ofthe bin to represent the best one can hope to do with an

approximat ion to the true integral, this figure shows the relat ive error as a funct ion of

declinat ion:

-1.00E-05

0.00E+00

1.00E-05

2.00E-05

3.00E-05

4.00E-05

5.00E-05

6.00E-05

7.00E-05

-20 0 20 40 60 80 100

Declination (deg)

Rel. Error

30 deg. Rotation

where I have plotted the results for two situations, one (diamo nds) where the two

coordinate systems are aligned, and the other (squares) where theyare both displaced and

one is rotated by30 degrees degrees with respect to the other.

One might also be interested in the situat ion when the localcoordinate systemis ^ binned~

much more coarsely. The same plot as above, where this time the integration is made

over an area of2 deg. by2 deg/ cos ( dec), is shown here:

-1.00E-03

0.00E+00

1.00E-03

2.00E-03

3.00E-03

4.00E-03

5.00E-03

6.00E-03

7.00E-03

8.00E-03

-20 0 20 40 60 80 100

Declination (deg.)

where the diamo nds and squares represent the same as above. You can see that the

magnitude ofthe effects are ~100 times larger, where the bin is 100 times larger, just as

one would expect.

(BTW˙even if the coordinate systems are aligned, the effects discussed here are still

relevant as a continuous integralover a var iable x is only approximated bythe sumover

finit e intervals ofwidth dx, such as the 24 sec. integration steps made in the ^direct~

method.).

Conclusion

Severaldifferent situations are examined that can cause systemat ic errors in our

background est imat ion methods. The levelo fthe systemat ic examined here is fro m~10 -5

to 10 -3 , depending on the situation. Even the smallest ofthese values is important enough

to mer it much more ser ious considerat ion for our present and future analyses.

I can make no statement about the precise value ofthe systemat ic errors made in each

analys is so far per formed on Milagro or Milagr ito data. The precise value ofthe

systemat ic mistake will be determined bydetails ofthe background est imat ion program

that I do not know, and that have not been descr ibed in memo s or meetings. However,

the systematics discussed above maybe important for some ofthe analyses (e.g. the

galact ic plane, and per haps the point source searches for Mrk and the Crab). I have

shown that the effects are large, possiblyas large as the statist icalprecisio n ofour data.

In any event, it is time for us to seriously studyour systematic background uncertainties.

There may be other sources oferror that we should consider, including the statist ical

uncertaint ies in our background map (^ E( q , j ) ~) because this map is determined by a

statist icalsampling ofthe true background distributio n. This statisticaluncertaint ycan

show itself as a systemat ic background error ifthe data is not handled properly. Perhaps

much more important is the assumpt ion that the true background rate (^ R( q , j ,t) ~) is

separable into atime-dependent, and a time- independent part. I would wager that it is not

separable at the required levelo faccuracy.

I hope that these toy- modelresults are useful at least to raise our collect ive consciousness

in that we are explor ing a new regime in sensit ivity. In the past, manystudies were

perfor med that showed the methods were ofsufficient accuracy, as mer ited bythe data,

via e.g. Monte Carlo simulat ions o f fake data sets, and analys is ofsaid fake data. As we

push our sensit ivit ydown, we must ver ify that our methods are unbiased and free of

systemat ics to the required level, or develop and ver ify new methods.