NetSense Report #2
David Hachen
This report details work done to distinguish different types of edges in the NetSense edge list data derived from NetSense subject communication events over the last year.  The purpose in distinguishing edge types is to distinguish between edges that existed prior to our subjects coming to ND and those that were formed after coming to ND.  Using mulitiple other sources of data, we are able to distinguish for roughtly 50% of the total edges whether they involve Family, were PreND,  or PostND edges. After categorizing edges we can then compute each subjects nodal degree for each edge type, and therefore examine correlations between the different components (e.g., is having more preND ties associated with increases or decreases in the number  of postND ties) and the composition of people’s networks.  The next step is to make this analysis more dynamic by computing degree for various types of relationships at various points in time since arrival at ND.  But the first step is to derive these measures for the full data set.

We begin with an edge list of 40,738 edges generated by the use of the cell phones of 186 NetSense subjects over a 60 week period.  This edge list was generate by Penta on 10/12/12 and is called “Frequency - weekly frequency between dyads with Alter list data.dta.” The Stata program “CreateTypeVarsAndExport.do” is the code that creates the edge type variables and then exports a set of .xlsx files to be processed by NodeXL in order to generate edge lists.  A listing of created vars (as well as some of the input vars) can be found in the “AlterEdgeDegreeCodebook.xlsx” spreadsheet/codebook. [footnoteRef:1] These variables are created based on information from other sources besides the communication event data and are linked to the cell phone communication event data via the phone number.  The other sources are:	Comment by David Hachen: Why is N this high [1:  Note Penta generated some of these variables when created the master edge list, but they had to be redone.  His variables are renamed with and suffix of “x”.  Also cases are dropped from this edge list if  they were named by an ego and thus on the alter list but no one in the study every communicated with them. 
] 

· Three network surveys in which subjects were asked to list names, phone numbers of email addresses of 20 people with whom they interacted with in previous time period.  Egos are asked about each named alter, including quesitons on gender, family status, and attendance at ND.  
· Contact book from cell phones that contain email addresses allowing us to identify phone numbers that belong to ND students in various ways (same number appearing in 2 or more lists, ND email associated with phone number).
The full .dta file with the new created variables and all the variables in the dataset Penta created is called “Frequency - weekly frequency between dyads with Alter list data(DH2).dta”

Here is a brief summary of some of the key variables:
· nameind: indicates in which survey an alter want named by an ego.  Used to identify edges where alter was named prior to ego coming to ND
· reltypesum: indicator of the type of the alter in terms of family, sign other, friend, acquaintance, etc.  Allows us to identify family ties which existed prior to coming to ND
· [image: Macintosh HD:Users:dhachen:Box Documents:NetSenseLOCAL:AlterDataAnalysis:NetSensPopPic.png]PrePost set of variables:  indicators of general status of alter in terms of whether pre or post tie and whether we have any information on the alter. 

The various constructed variables detailed in the spreadsheet codebook allow us to create various subsets of the edgelist from which a degree list can be generated with NodeXL.  The figure below details the logic.

See “SummaryDataN_M.xlsx” spreadsheet for more information on these networks

The core network in this study in NetSense Network consisting of 186 vertices (N) and 1110 edges (M) between them over this 60 week time period.  With this network we have both information on the alters (because they are in the study), and full network data. 

This network is embeded within a larger network which I call the Notre Dame Student Restricted Network. It includes both NetSense participants and ND students that our NetSense subjects named as ND students in at least one of the surveys.  It includes 1130 nodes (of which 186 are NetSense subjects and 944 are named students) and 2409 edges (of which 1110 are from NetSense network and the others are between a NetSense subject and a named student alter) .  None of these edges are between named alters (at this time). However we do have ego supplied data on connections among named alters, so potentially a 1.5 network can be generated.  In this network we have information on all nodes, though the information on the alters (if not another NetSense student) are more limited and supplied by the ego.

The next network is called the Notre Dame Student (Expanded) Network.  This includes 15265 vertices all of which can be identified in one way or another as ND students (i.e NetSense, named and identified by NetSense student, or via Penta’s methods).  12856 of these edges are between NetSense subjects and the new alters (N = 2501) identified with Penta’s indicator.  We know nothing about these alters except that they communicated with one of the NetSense subjects and through various means can be identified as a ND student.  Altogether there are 3631 nodes in this network (=2501+944+186).  This is a very incomplete network in that we have no information on ties among the 2501 added alters, between these alters and named alters.  We can however use information in this network to compute an estimate of each of our NetSense subject’s within-ND degree.

The final network in this series can be called the Post-ND Network. It includes the nodes and edges in the ND Student Network and in addition 228 edges and 187 nodes involved in those edges that are (1) named by an NetSense participant, but (2) not as a ND student and (3) not in the first time period.  All together there are 15,493 edges among 3828 nodes.  For some of this network there is information on the alter, and also the potential to identify ties among named alters.  

There are three other networks.  The Family Network consists of 954 nodes and 819 edges among them.[footnoteRef:2]  186 of these nodes are NetSense participants, the remainder are alters they listed as family members.  All edges are between a NetSense participant and a family member, none are between NetSense subjects or between family members.  This is a strange graph, but it does allow us to compute the degree of a NetSense participant with respect to family membership.  This network does not overlap with the Post-ND Network except for the 186 nodes in the NetSense study which are in both networks.  This is why it is shown in the Figure as separate from that network	Comment by David Hachen: need to update this because some NetSense participants never named any family members.   [2:  It seems strange that there are more edges than nodes, but note that this is like a bipartite graph in which there are 186 NetSense subjects who can have ties to about 700 family members, but each family member can only have 1 tie.  ] 


The Pre-ND network consists of 1541 nodes (of which 186 are NetSense subjects, the remainder are alters an ego named in the first survey which was taken prior to arrival at ND).  There are 1385 edges among 1541 nodes. Again this network is separate from the Post-ND network (and in fact existed prior to it in time).	Comment by David Hachen: again need to update this

The Unknow Network consists of the remaining 23,054 of the original 40,738 edges that we are have no information on other then the phone number obtained from cell phones indicating that a NetSense subjects communicated with that person.  We include this network because it is part of the Full Network on which we want to compute a NetSense subject’s overall degree.  The Full Network includes all the nodes (=25846) and edges (=40738, of which 26529 are edges from cell phone commmunication but which can not be identified in any way) mentioned above.  It is used solely to compute the overall degree of each NetSense subject.  	Comment by David Hachen: Earlier I distinguished mutual vs asymetric edges among these edges, but need to go back to that code and see what it would do now

Based on this logic I then proceed to export an edge list of each of these networks. These edge lists are then imported into NodeXL which is used to generate a vertice list along with a nodal degree of each vertice and overall graph statistics.  

The stata program “MergeNodeData.do” then merges all these vertice lists so that a .dta data file is generated that includes measures for each NetSense subject of how many alters they had of each type.  These measures are presented in the “AlterEdgeDegreeCodebook.xlsx” codebook (the degree sheet) and include measures of a person’s overall degree and degree within various subnetworks (e.g., with NetSense subjects, with all post-ND alters, with family, with preND friends). Also included are percentage measures for each node giving the percentage (proportion) of its alters that are in each category.  

[bookmark: _GoBack]It should be noted that the merged data file generated by this procedure, “NodeMaster8.dta”, has records for all the nodes, including those that are alters but never egos (i.e. are not in NetSense study).  Most of the time we will just focus on the degree traits of the 186 NetSense nodes which can be selected by using merge_NDR = 3.  

Analysis:  Edge Data

First here are some descriptive statistics from the edge data on the different types of edges that we have

[image: Macintosh HD:private:tmp:Stata_SE 12.0 - Frequency - weekly frequency between dyads with Alter list data(DH2).dta.pdf]

[image: Macintosh HD:private:tmp:Stata_SE 12.0 - Frequency - weekly frequency between dyads with Alter list data(DH2).dta-1.pdf]

And here are some statistics giving the proportion of edges of various types that have appeared by a given week into the study.  This only goes up through week 45, but most edges that we can identify have appeared by that time.

[image: Macintosh HD:private:tmp:Stata_SE 12.0 - Frequency - weekly frequency between dyads with Alter list data(DH2).dta-2.pdf]

And this gives the same stats but in terms of when alter was named by ego (using the namedind variable).
[image: Macintosh HD:private:tmp:Stata_SE 12.0 - Frequency - weekly frequency between dyads with Alter list data(DH2).dta-3.pdf]



Analysis – Node Data

Here is the correlation matrix among all the various degree measures. Note that some of these correlations are “built in” because we are looking a co-variation among two variables that overlap.  For example Degree_NDR includes Degree_NS.  The difference variables are methodologically indepdendent, as are the family and preND variables. 
 
[image: Macintosh HD:private:tmp:Stata_SE 12.0 - NodeMaster8.dta-6.pdf]
With these data we can do many things, but three stand out right now.

1. See if we can predict full postND nodal degree from subset degrees, such as NetSense degree.  This will tell us whether or not working with just the NetSense (or the ND Student Restricted) data would be biased. 
2. See if postND degree is correlated with preND and FamilyDegree
3. Assess variation across NetSense participants in the composition of their networks.  

Below is a simple regression for predicting postND degree by Family degree, PreND degree and NetSense Degree with an R2 of .4.   PostND degree is independent of family degree, but positively related to PreND degree, indicating the overall people with more friends prior to coming to ND have more ND student friends.  

[image: Macintosh HD:private:tmp:Stata_SE 12.0 - NodeMaster8.dta-2.pdf]



Here is another regression using instead Degree fro the restricted definition of ND student with a bit higher R2 .

[image: Macintosh HD:private:tmp:Stata_SE 12.0 - NodeMaster8.dta-3.pdf]
Both these regression have built in correlations given that the DV (Degree-PostND) includes Degree_NDR.  We need to compute a net DegreePostND variable.  

IN regards the ego network composition, here are the summary statistics giving the mean proportion across nodes of one of its alters falling in various categories (NetSense alter, Named Alter, Non ND post alter, Family, PreND alter, and unknown). These proportion are calculated based on the nodes full degree  and sum to 1.  On average, 55% of a NetSense subject’s alters are not identifiable, 31%  identified as ND by Penta indicator, around 4% for both NetSense subject and named ND students, and 2% are family and about 4% pre ND friends.  
[image: Macintosh HD:private:tmp:Stata_SE 12.0 - NodeMaster8.dta-4.pdf]

Here are these proportion but with the base being all the identifiable alters
[image: Macintosh HD:private:tmp:Stata_SE 12.0 - NodeMaster8.dta-5.pdf]
The last statistic is the ratio of the degree from known alters to the degree from unknown alters.  

What would be interesting is to see if these proportions vary over time, as well as to examined variation across nodes in their network composition. 


image2.emf
. tab namedind, miss

namedind Freq. Percent Cum.

not named 36,841 90.41 90.41

281 412 1.01 91.42

218 768 1.88 93.30

811 530 1.30 94.60

1608 1,187 2.01 g97.51

181 167 8.41 97.92

118 386 8.95 98.87

111 460 1.13 100.00

Total 408,751 100.00
. tab reltypesum,miss
reltypesum Freq. Percent Cum,
-1 36,841 90.41 90.41
Parent 389 0.95 91.36
Sibling 261 8.64 92.00
Other family 169 0.41 92.41
Significant other a7 8.21 92.63
Co-worker 27 0.87 92.69
Friend 2,833 6.95 99.65
Acquaintance 108 0.27 99.91
Other 31 8.08 99.99
5 8.01 100.00
Total 48,751 100.00











image3.emf
. tab PrePost, miss
There are really 1110 NetSense edges but some of them have alters that

were named by an ego as an ND student and so are in the ID ND Alter group
PrePost Freq. ﬁ;/é;nt Cum.,
Family 819 2.81 2.01
ID ND Alter 1,476 3.62 5.63
NetSense 933 2.29 7.92
ND alter indicator (Penta) 12,856 31.55 39.47
posthD 228 8.56 40.03
prehD 1,385 3.48 43.43
23,054 56.57 100.00
Total 48,751 100.00

. tab PrePost2, miss

PrePost2 Freq. Percent Cum.
Family 819 2.01 2.01
PreND 1,385 3.40 5.41
PostND 15,493 38.02 43.43
23,054 56.57 100.08

Total 40,751 1e0.00

. tab PrePost3, miss

PrePost3 Freq. Percent Cum,
Family 819 2.81 2.81
PreND 1,385 3.40 5.41
PostND-info 2,637 6.47 11.88
PostND-no info 12,856 31.55 43.43
23,054 56.57 100.00

Total 48,751 100.00
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. tabstat cumtieactivex, by(PrePost) miss stat(mean n)

Summary statistics: mean, N
by categories of: PrePost

PrePost cumtie~1 cumti~e5 cumti~18 cumti~15 cumti~28 cumti~25 cumti~38 cumti~35 cumti~48 cumti~45

Family .4674847 .8368098 .9042945 .9325153 .9631982 .9754601 .9815951 .9877381 .992638 .995892

815 815 815 815 815 815 815 815 815 815

ID ND Alter .1578591 .5623386 . 703252 .795393 .8482385 .9112466 .9512195 .9789973 .9966125 .9966125

1476 1476 1476 1476 1476 1476 1476 1476 1476 1476

NetSense .B889603 .4255091 .5648446 .6559486 .693462 .7478525 .8274384 .8853162 .9356913 .9421222

933 933 933 933 933 933 933 933 933 933

ND alter indicat .0489147 .2509334 .3834785 .4802427 .5482925 .5997978 .6873833 .7646235 .B536092 .8682327

12856 12856 12856 12856 12856 12856 12856 12856 12856 12856

postND .1754386 .5219298 .6842185 .7982456 .8596491 .9166667 .9385965 .9736842 1 1

228 228 228 228 228 228 228 228 228 228

preiD .3523466 .7509825 .8584838 .9854152 .9480144 .9631769 .9689531 .9768953 .98@5e54 .9884477

1385 1385 1385 1385 1385 1385 1385 1385 1385 1385

.8646127 .2282491 .3356€43 .4151877 .4897809 .5561727 .6085919 .6699581 .7383814 .8275982

23845 23845 23845 23845 23845 23845 23845 23845 23845 23845

Total .8795326 .2836173 .4003878 .4841671 .5584934 .6114193 .6724434 .7344494 .B034e22 .8589523

40738 40738 40738 40738 48738 40738 40738 40738 40738 40738
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. tabstat cumtieactivex, by(namedind) miss stat(mean n)

Summary statistics: mean, N
by categories of: namedind

namedind cumtie~1 cumti~e5 cumti~18 cumti~15 cumti~28 cumti~25 cumti~38 cumti~35 cumti~48 cumti~45
not named .8569342 .2411219 .358@854 .4439618 .5125434 .57621@9 641616 .7084329 .7835849 .8446731
36832 36832 36832 36832 36832 36832 36832 36832 36832 36832

281 .8752427 .3186796 .4101942 .526699 .5825243 .6723381 .788835 .9126214 .9951456 .9951456

412 412 412 412 412 412 412 412 412 412

218 .1445313 .5690184 .7408854 .84375 .98625 .9752604 .99@88854 .9934896 .9968938 .9960938

768 768 768 768 768 768 768 768 768 768

211 .1838189 .645283 .809434 .8886792 .9528382 .9924528 1 1 1 1

530 530 530 530 530 530 538 530 530 538

108 .3474218 .7379544 .8427726 .B981899 .9366019 .9526627 .9611158 .9687236 .9729501 .9830938

1183 1183 1183 1183 1183 1183 1183 1183 1183 1183

181 .4618778 .7964072 .8682635 .9161677 .9648719 .9828359 .994912 1 1 1

167 167 167 167 167 167 167 167 167 167

118 .5851813 .9015544 .9637306 .9818653 .992228 .9974093 .9974893 .9974093 .9974893 1

386 386 386 386 386 386 386 386 386 386

111 .4804348 .8956522 .9586957 .9804348 .9891304 .9934783 .9956522 1 1 1

460 460 460 460 460 460 460 460 460 460

Total .8795326 .2836173 .4803878 .4841671 .5504934 .6114193 .6724434 .7344494 .8834822 .B589523
40738 40738 40738 40738 40738 40738 40738 40738 40738 40738
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image6.emf
. corr Degree_NS Degree_NDR Degree_NDE Degree_PostND Degree_FamilyND Degree_PreND Degree_unk Degree_Full Degree_NDRdiff Degree NDEdiff Degree_

> PostNDdiff if merge_NDR ==

(obs=186)
Degree~5 Degree~R Degree~E Degr~tND Degr~yND Degr~eND Degr~unk Degree~1 De~Rdiff De~Ediff De~Ddiff
Degree_ NS l1.eeee
Degree_NDR 8.6879 l.e000
Degree_NDE 0.6092 0.6417 1l.00ee
Degree_Pos~D 0.6082 0.6426 0.9983 l.00ee
Degree_Fam~D -0.0414 ©0.0999 0.0042 0.0086 1l.0000
Degree_PreND -0.0416 ©.1365 0.1796 0.1748 0.1582 1l.o00ee
Degree_unk @.161¢ ©.1989 0.5846 0.5808 0.1750 ©.2972 1l.e0ee0
Degree_Full 8.3484 ©9.3927 0.80e8 0.804%9 ©.1573 0.3316 0.9518 1l.eoee
Degree_NDR~f 8.1137 ©8.7993 0.3741 0.3761 0.1711 0.2213 0.13%90 @.2557 1l.eeee
Degree_NDE~f 8.5398 0.5115 0.9873 0.9852 -0.0161 ©.1729 ©.6137 0.8157 0.2533 1l.e000
Degree_Pos~f 0.0423 0.0776 0.0689 0.1266 0.0779 -0.0783 0.1469 ©0.1498 0.€711 0@.8611 1.e000
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. regress Degree_PostND Degree_NS Degree_FamilyND Degree_PreND if merge_NDR ==

Source 55 df MS Number of obs = 186

F( 3, 182) = 42.1@

Model 107922.559 3 35974.1862 Prob = F = 0.0008

Residual 155515.291 182 854.47962 R-squared = 0.4097

Adj R-squared = @.3999

Total 263437.849 185 1423.98838 Root MSE = 29,231
Degree_PostND Coef. Std. Err. t P> 1| [95% Conf. Intervall]
Degree_NS 5.536991 .5121754 186.81 ©.000 4.526425 6.547556
Degree_FamilyND .8743892  .9962834 8.07 ©.941 -1.891362 2.04014
Degree_PreND 1.455977  .4217288 3.45 @.001 .6238709 2.288084
_cons 36.36934 6.275688 5.80 @.000 23.98688 48.7518
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. regress Degree_PostND Degree_NDR Degree_FamilyND Degree_PreND if merge NDR ==

Source 55 df MS Number of obs = 186

F( 3, 182) = 44.88

Model 112018.3 3 37339.4334 Prob = F = @.e000

Residual 151419.549 182 831.975545 R-squared = 0.4252

Adj R-squared = 0.4157

Total 263437.849 185 1423.98838 Root MSE = 28.844
Degree_PostND Coef. Std. Err. t P=|t]| [95% Conf. Intervall
Degree_NDR 3.455532  .3091265 11.18 0.000 2.845509 4.065465
Degree_FamilyND -1.202905 .9857011 -1.22 0.224 -3.147777 . 7419659
Degree_PreiND . 7139607 .419081 1.7¢ ©.090 -.1129214 1.548843
_cons 36.58139 6.143617 5.95 @.000 24.45952 48.70326
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. sum PerDegreeNS PerDegreeNDR PerDegreeNDE PerDegreePostND PerDegreeFamily PerDegreePreND P
> erDegreeUnk if merge_NDR ==

Variable Obs Mean S5td. Dev. Min Max
PerDegreehS 186 .B35661 .8495384 .B837175 .65
PerDegreeNDR 186 .8346013 .8272644 e .1666667
PerDegreeNDE 186 .3153838 .B8875452 ) .5252225
PerDegre~tND 186 .8859919 .8104879 e .8599978
PerDegreeF~y 186 .0230912 .0179685 g .1111111
PerDegre~eND 186 .B8366841 .B8274568 ) .1445783
PerDegreelnk 186 .5489489 .0893921 .3314607 .8463074











image10.emf
. sum PerDegreeNSx PerDegreeNDRx PerDegreeNDEx PerDegreePostNDx PerDegreeFamilyx PerDegreePr

> eNDx PerDegreeUnkx if merge_NDR ==

Variable Obs Mean Std. Dev. Min Max
PerDegreelSx 186 .8763215 0877874 .0e9434 1.883333
PerDegree~Rx 186 .0750881 .0542533 @ .3015873
PerDegree~Ex 186 .6979275 .126286 @ .9466667
PerDegr~tNDx 186 .0140698 0267741 @ .1884058
PerDegreeF~x 186 .0526013 .0424361 @ .3333333
PerDegr~eNDx 186 .084471 .0699699 @  .5555556
PerDegreel~x 186 1.33232 6027575  .4957983 5.586494
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