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ABSTRACT 

Due to characteristically poor archaeological 

visibility, Late Archaic Period {2000 B.C.-A.D. 500) 

assemblages, which hold clues about the behavior of people 

who lived in the Tucson Basin during a period marked by the 

important socio-economic transition from hunting and 

gathering to food production, suffer high risks of being 

effaced by Tucson's urban sprawl. This thesis presents a 

predictive archaeological model of Late Archaic Period site 

locations in the Tucson Basin using multiple logistic 

regression analysis and CIS. The statistical results of 

the regression analysis indicate that three environmental 

variables-elevation, path distance to "reliable" water 

sources (streams), and path distance to arable landforms— 

influenced Late Archaic Period site placement. The spatial 

results highlight Tucson Basin land parcels that are likely 

to contain Late Archaic Period sites based on empirical 

relationships between known site locations and 

environmental variables in surveyed areas. 
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CHAPTER I. 
INTRODUCTION 

Cummings, Haury, Sayles, and Antevs "discovered" it. 

The Cochise cultural sequence, Picosa culture, Oshara 

tradition, and Desert Archaic, among others, are terms that 

have been proposed for its culture-historical framework. 

Some of the most famous sites in the history of 

southwestern archaeology—Double Adobe and Ventana Cave—have 

aided in its definition and explanation. Terms such as, 

Sulphur Spring stage. Middle Archaic Period, and Early 

Agricultural period have been used to describe its 

diachronic flow from Paleoindian hunters to ceramic period 

farmers. It, or at least the final portion of it, is also 

the topic of this thesis research. 

It, of course, refers to the Southwestern Archaic 

Period. Temporally sandwiched between the big game hunters 

and the sedentary village farmers, the Archaic Period, like 

the stereotypical middle child, has not always received the 

attention its relatively few students think it deserves. 

But, after all: 

This is the Archaic Period—you know, the period 
that is not old enough to have any beautifully 
made spear points jammed into the ribs of exotic 
extinct animals, and not young enough to have 
those objects traditionally lusted after by 
Southwesternists, pots. [Huckell 1996a:7] 
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Despite apathy towards the Archaic Period, for much of 

the last two decades an unprecedented amount of contract-

driven archaeological research upon the Late Archaic Period 

in and around the Tucson Basin has kept Archaic Period 

prehistorians busy and provided a desperately needed shot 

to the region's preceramic (and early ceramic) 

archaeological database. Thanks to this surge of 

investigation, our understanding of the recent end of the 

Archaic Period has grown leaps and bounds; providing a fair 

share of unexpected results along the way. This is not to 

say that all of the research questions concerning the Late 

Archaic Period have been answered. On the contrary, the 

plethora of interesting research questions, as of yet 

unanswered by archaeological work, place a high bounty on 

the collective head of the Archaic Period sites that remain 

"undiscovered" throughout the Tucson Basin and in 

surrounding areas. 

As all cultural material not contained within and 

protected by environmentally controlled museum display 

cases. Late Archaic Period sites do not exist within a 

vacuum. Tucson's urban sprawl, which continues to radiate 

out from its epicenter at an alarming rate, endangers 
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archaeological sites from all periods, including buried 

Archaic Period remains, which characteristically possess 

poor archaeological visibility. In an effort to include 

cultural preservation in future urban development plans, 

the Archaeology and Historic Preservation Office of Pima 

County recently submitted an extensive report that 

highlighted those areas in which urbanization would affect 

the greatest number and quality of prehistoric and historic 

cultural remains (Cushman 2000). Despite lacking a 

rigorous quantitative methodology in its prediction of 

areas likely to contain additional sites, the sheer amount 

of prehistoric, historic, and traditional cultural place 

sites included in Cushman's model lends it a unique 

strength and makes it applicable to the entire study area 

for all cultural periods involved. 

The model presented in this thesis seeks to identify 

unsurveyed areas within the Tucson Basin that have a high 

probability of containing Late Archaic Period sites based 

on statistically significant relationships observed between 

Late Archaic Period sites and natural environmental 

variables within previously surveyed areas of the basin. 

Specifically, my central research questions are: 1) which 

environmental factors influenced Late Archaic Period site 
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locations; and 2) given these relationships between Late 

Archaic Period sites and environmental characteristics in 

surveyed areas, where are we likely to find Late Archaic 

Period sites in unsurveyed areas? In order to answer these 

questions the model projects from the "known" (surveyed 

land parcels) to the "unknown" (unsurveyed land parcels) 

via a multiple logistic regression. This model differs 

from that presented by Pima County as part of the Sonoran 

Desert Conservation Plan in that it projects locations of 

sites from only one archaeological period, the Late Archaic 

Period, and employs a rigorous set of quantitative 

techniques in model creation and assessment in place of the 

input of an expert panel (Cushman 2000). Although quite 

different in techniques of model development, both 

Cushman's model and my model possess the ability to aid in 

cultural preservation and archaeological contract 

work/research; hopefully, that ability is realized in the 

cases of both models. 

The following chapters present a predictive model of 

Late Archaic Period site locations in the Tucson Basin in a 

logical progression. The final product of this analysis is 

a map that indicates those land parcels that have higher 

and lower probabilities of containing Late Archaic Period 
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sites, based on their environmental characteristics and the 

relationships between other sites and environmental 

variables in surveyed areas. However, much ground must be 

covered before talk of a final map resumes. Chapter 2 

presents a paradigmatic history of Southwestern Archaic 

research and provides an explicit explanation of the way in 

which I use the terminology, "Late Archaic Period," in this 

research. Chapter 3 briefly describes the geographic and 

physical environmental setting of the Tucson Basin study 

area. Chapter 4 introduces the theoretical framework of 

predictive modeling using geographic information systems 

(CIS). Both the tabular site data and digital spatial data 

used in this exercise are discussed in Chapter 5. Chapter 

6 provides detailed discussions of the process, results, 

and assessment of the predictive model. Chapter 7 presents 

final interpretations and synthetic conclusions. 
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CHAPTER II. 
THE PARADIGMATIC HISTORY OF ARCHAEOLOGICAL INQUIRY INTO THE 

NATURE OF THE SOUTHWESTERN ARCHAIC PERIOD 

Two archaeological discoveries set Southwestern 

Archaic research in motion. Amazingly, they both occurred 

in the very same year, 1926, which has been referred to as 

"a double turning point in the study of the antiquity of 

man in the New World" (Thompson 1983:1). The first, and 

more widely-known, of the two involved the discovery of 

unique projectile points in direct association with an 

extinct species of bison near Folsom, New Mexico. 

Following only a few short years of excavation, this 

discovery provided unequivocal evidence of an unprecedented 

Late Pleistocene human hunting event in the Greater 

Southwest. 

The second discovery of utmost importance to Archaic 

studies in the U. S. Southwest occurred in southeastern 

Arizona. In 1926, the Arizona State Museum received a 

package from a concerned teacher who worked at the Double 

Adobe schoolhouse in Cochise County. Her correspondence 

stated that her young students' recess play had been 

interrupted by a curiosity-driven investigation of an 

interesting chalky white material eroding from the arroyo 

wall of Whitewater Draw (Haury 1983). Included within the 
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package were pieces of Che material and the teacher's best 

guess as to what they were—petrified wood (Hallman 1999) . 

During test excavations conducted in the area pointed out 

by the teacher, Byron Cummings and three graduate students, 

Haury, Hargrave, and McGregor, uncovered plant processing 

artifacts located stratigraphically below a layer 

containing the object that had caught the children's 

collective eye, a mammoth maxilla and tusk (Haury 1983, 

Hallman 1999) . In addition, grinding stone implements, a 

hearth, and extinct bison bone fragments were found at a 

relatively close but separate locus in a single stratum 

situated a few feet below the mammoth skull {Hallman 1999) . 

The discoveries at Double Adobe seemed to provide 

stratigraphic evidence of the existence of an early plant 

gathering and processing subsistence facet of human culture 

that was contemporaneous with extinct forms of megafauna in 

the southern Southwest. The antiquity of the seminal 

archaeological associations from Folsom and Double Adobe 

pushed human presence in the Southwest back approximately 

10,000 years, thereby, creating a temporal gap between the 

earliest farmers and the newly discovered Early Holocene 

hunters and foragers. In addition, the fact that the 

artifacts from Folsom and Whitewater Draw were dissimilar 
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from any artifacts found previously in the Southwest as 

well as from each other created a distressingly large 

cultural developmental gap in the archaeological knowledge 

of prehistoric Southwestern inhabitants. The morphology of 

the early artifacts implied that the cultures that 

produced, used, and left them each practiced a way of life 

different from the earliest southwestern cultures of which 

archaeologists knew at the time—the Basketmakers—as well as 

different from each other. As one might imagine, this vast 

temporal and cultural gap, which, eventually, came to be 

known as the Southwestern Archaic Period, instantly became 

an intriguing archaeological enigma: 

The discoveries in 1926 of prehistoric groups who 
coexisted with Pleistocene Megafauna—then dated 
to about 10,000 years ago—created a chronological 
and developmental dilemma in the minds of many 
workers. It is not surprising that a major focus 
of archaeological investigations over the next 
few decades was "filling the gap." [Berry and 
Berry 1986:257] 
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The Cochise cultural sequence 

In 1935, following the initial discovery by the school 

children and test excavations by the Arizona State Museum 

archaeologists, Gila Pueblo resumed work at the Double 

Adobe Site as well as other areas in Whitewater Draw. E. 

B. Sayles, a pioneer in the field of Southwestern 

archaeology, was placed in charge of the Gila Pueblo 

excavations (Huckell et al 1997). He quickly solicited the 

expertise of, Ernst Antevs, a progressive geologist and 

student of quaternary paleoenvironment, who had 

transplanted his knowledge of the Finno-Swedish varve 

chronology and the Blytt-Sernander European environmental 

sequence to the U. S. West (Antevs 1936, 1948, 1955). In 

1941, Sayles and Antevs published one of the earliest 

culture-historical models constructed to address 

Southwestern Archaic Period archaeological remains, the 

Cochise cultural sequence. This cultural framework is 

based on their interpretation of the excavations at 

Whitewater Draw and was presented as "a partial solution to 

the chronological and cultural problems that had been 

raised by the discovery of early projectile points" 

{Thompson 1983:1). 
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The chronological and cultural problems created by the 

discoveries of 1926 required that large gaps of time 

(approximately 10,000 years) and apparent cultural 

development (that believed to exist between mobile hunters 

and sedentary agriculturalists) be filled. The 

gradualistic unilinear evolutionary theory of the 1930s 

provided a comfortable framework within which this problem 

could be dealt; for as subsequent researchers have noted, 

"the assertion of an in situ continuity, as a corollary to 

gradualism, constitutes what is perhaps the single most 

pervasive factor in the reconstruction of culture 

sequences" (Berry and Berry 1986:256). Gradualistic 

culture-historical theories of the day attempted to bridge 

the temporal and cultural developmental chasm that 

separated the Late Pleistocene/Early Holocene hunters and 

gatherers from the Late Holocene farmers believed to be 

their direct descendants. The temporal and cultural 

developmental sequence was constructed with the concept of 

gradualism and assumed the form of a continuous, internally 

changing, omnipresent Archaic Period population. This 

unbroken sequence implied that the plant processing 

artifacts found at Double Adobe were the remains of a 

culture to which Clovis hiinters gave rise and which, after 



22 

undergoing various and numerous cultural adaptations over 

10,000 years, in turn gave rise to the early southwestern 

farmers around A.D. 1. The emphasis upon plant gathering 

as the Cochise culture's main subsistence technique 

provided the socio-economic developmental link between the 

big game hunting culture that directly precedes the Archaic 

Period and the maize farming cultures that directly follow 

it. This gradualistic theoretical orientation influenced 

Sayles and Antevs' formulation of the following three-stage 

cultural sequence. 

The assemblage, to which the plant processing tools 

Cummings and company found in 1926 belong, was assigned to 

the Sulphur Spring stage {pre-8,000 B.C.). The Sulphur 

Spring stage is characterized by its extreme economic 

reliance upon plant material as opposed to animal flesh. 

Sayles stressed the plant processing aspect of Sulphur 

Spring stage because its associated artifact assemblage did 

not include projectile points. He realized that a 

subsistence regime that involved a very early dependence 

upon plant material and a deep knowledge of plant 

processing methods and technology provided the behavioral 

link—the cultural evolutionary step, if you will—that he 

believed existed between hunting-gathering and early 
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farming societies. It seems fair to mention that in 1983 

Sayles recognized the fact that there may exist other 

explanations for the lack of projectile points in the 

Sulphur Spring stage sites, as he referred to the 

phenomenon as "an unsolved problem" (Sayles 1983:88). 

The Chiricahua stage (8,000-3,000 B.C.) is the second 

cultural phase of Sayles and Antevs' (1941) sequence. 

Following the gradualistic trend, Sayles describes the 

Chiricahua assemblage in terms of its evolutionary 

relatedness to Sulphur Spring artifacts. The abundance of 

milling implements and the survival of some Sulphur Spring 

forms are indicative of the continued reliance upon plant 

materials (Sayles 1983). However, the chipped stone 

industry of the Chiricahua stage represents a significant 

increase in both quantity and variety over the limited 

chipped stone toolkit of the Sulphur Spring stage (Berry 

and Berry 1986) and implies the presence of some hunting 

activities. 

The San Pedro stage (3,000-1,000 B.C.) is the third 

and final phase of the original Cochise culture sequence 

(Sayles and Antevs 1941). Although this stage is assigned 

the shortest time interval of the three original stages, 

its archaeological assemblages contain the widest variety 
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of characteristic artifacts. Characteristic San Pedro 

stage artifacts include, but are not restricted to: bell-

shaped pits, shallow pit structures, milling stones (that 

are typologically distinct from Sulphur Spring and 

Chiricahua stage grinding tools), and a set of 

morphologically distinct pressure flaked projectile points 

(Sayles and Antevs 1941) . Although plant processing was 

still important to San Pedro stage individuals, Sayles 

describes that evidence of hunting is widespread during 

this "final phase of Cochise development" (Sayles 

1983:125). 

In the 1950s, additional fieldwork at Whitewater Draw 

prompted Sayles to add a fourth stage to the Cochise 

cultural sequence, the Cazador stage (9,000-6,000 B.C.) 

(Sayles 1983). Sayles was faced with a systematic 

conundrum when bifacial blades and projectile points were 

found in stratigraphic layers dating to 9,000-6,000 B.C. 

(Antevs 1983). If the projectile points were to be 

interpreted as the missing representation of the nearly 

contemporaneous Sulphur Spring's hunting facet, which some 

researchers hypothesized (Whalen 1971), the previously held 

belief that inhabitants of the Sulphur Spring stage only 

practiced plant processing would require reexamination and. 
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quite possibly, significant revision. However, Sayles 

argued that the hunting implements found at the Cazador 

site were evidence of a previously undiscovered cultural 

phase, which occurred between the Sulphur Spring and 

Chiricahua stages (Sayles 1983). Therefore, instead of 

representing the hunting facet of the plant-oriented 

Sulphur Spring stage, the Cazador bifacial blades and 

projectile points were interpreted as "the first positive 

evidence of hunting as part of the Cochise subsistence 

pattern" (Sayles 1983:93). Naturally, they were separated 

from the previously defined plant gathering Sulphur Spring 

stage and assigned their own cultural phase, the Cazador 

("Hunter") stage. This addition produced a four phase 

cultural sequence. 

This brief review of Sayles and Antevs (1941) Cochise 

cultural sequence illustrates the way in which early 

explanations of Archaic cultural and population continuity 

were influenced by assumptions of gradualism, in situ 

continuity, and autochthonous development. The presence of 

such conceptual undercurrents are clearly articulated in 
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Sayles and Antevs' own synthetic statement: 

The [cultural] sequence is unbroken from the 
earliest to the latest stage, which just precedes 
the introduction of pottery. . .The cultural gap 
between an early hunter and a later 
agriculturalist seems a wide one. With the 
presence of an early food[plant]-gathering 
economy, the step to a more sedentary economy 
based on agriculture appears less great. We 
believe these steps are demonstrated in the 
various stages of the Cochise Culture. [Sayles 
and Antevs 1941:29-30] 

Data accumulation and revisions to the Cochise cultural 

sequence 

Although the Southwestern Archaic Period research that 

followed fast upon the heels of the introduction of the 

Cochise cultural sequence added to and tweaked the culture-

historical model in various ways (Haury 1950; Jennings 

1957; Eddy 1958; Rogers 1958; Irwin-Williams 1967, 1968a, 

1968b, 1973), the heart of Sayles and Antevs' (1941) 

original three-stage progression remained relatively 

unscathed and continued to serve as the most recognizable 

cultural model well into the 1970s. For the sake of 

clarity, to say that it was the most recognizable cultural 

model of the Southwestern Archaic is not to say that 

archaeologists universally accepted the Cochise cultural 

sequence (Haury 1983). Although suspicions of the cultural 
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sequence had been present since its initial presentation, 

the first substantial reassessments of the model did not 

take place until Whalen's (1971) dissertation tackled 

(among other issues) the validity of the Cazador stage and 

the temporal placements of the Sulphur Spring and 

Chiricahua stages. In the very same year, Windmiller and 

Haynes' subsurface observations at the Fairchild site 

suggested that the extinct fauna and human artifacts, both 

of which they believed to be secondary deposits of channel 

flow, were not stratigraphically associated with each 

other-either in their Whitewater Draw locus or those that 

had been previously investigated (Windmiller 1973). 

Following a trend that began in 1975 and in an attempt 

to eliminate the "excess baggage" and "inadequacies" of the 

Cochise cultural sequence terminology, Huckell consciously 

replaced the traditional framework with a more simplistic 

model in the early 1980s (Huckell 1984a:5). This framework 

divides the Archaic Period into the sub-periods. Early, 

Middle, and Late, rather than Sulphur Spring, Chiricahua, 

and San Pedro (Huckell 1984a, 1984b). 

The year, 1986, witnessed the publication of two more 

serious reevaluations of the Cochise cultural sequence. 

Berry and Berry (1986) argue strongly against the 
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continuous nature of the Cochise cultural system in their 

frank reassessment of the Southwestern Archaic. In 

addition to questioning the overall validity and utility of 

the Cochise framework via detailed critiques of its 

methodological and theoretical presumptions, the authors 

present patterns in radiocarbon dates obtained from 119 

southwestern sites that range diachronically from 

Paleoindian to Ceramic periods. The patterns demonstrate 

that, contrary to the picture painted by Sayles, the 

Southwest region was discontinuously occupied during the 

Archaic Period (Berry and Berry 1986). 

Also in 1986, Michael Waters published the results of 

his geoarchaeological reanalysis of the sediments and 

archaeological materials at Whitewater Draw. Based on his 

work in the arroyo, Waters concludes that the distinction 

Sayles (1983) makes between Cazador stage and Sulphur 

Spring stage artifacts is an erroneous one. Waters further 

argues that the maximum time depths of both the Chiricahua 

and San Pedro stages were overestimated by Antevs, grossly 

so in the case of the former. The elimination of the 

Cazador stage, in concert with the drastic shortening of 

the Chiricahua stage, creates "a major gap in the 

archaeological record of Whitewater Draw from 8,000 yr B.P. 



to 3,500 yr B.P." (Waters 1986:64). The 4,500 year gap 

between radiocarbon dates associated with distinctive 

artifacts implies that human occupation in this region of 

the southern Southwest was anything but continuous. The 

long hiatus demonstrates at the local scale, much like 

Berry and Berry (1986) demonstrate at the regional level, 

that Archaic Period groups inhabited the southern Southwest 

discontinuously. Like Berry and Berry's research. Waters' 

reinvestigation also discounts the idea of a gradual, 

unbroken, autochthonous cultural evolution, which so imbued 

the conclusions of earlier research projects. 

In 1995, Huckell resumed the reworking of cultural 

systematics he began in 1984, this time concentrating only 

on the latter third of the Archaic Period framework. By 

the mid-1990s, it was clear that some Late Archaic Period 

sites contained evidence of food production activities— 

relatively small-scale maize agriculture. To Huckell 

{1995; Huckell et al. 1995), the new evidence of food 

production during the Late Archaic Period set the period's 

subsistence strategy at odds with the socio-economic 

strategy implied by the connotations of one of the terms in 

its name. As originally defined by Willey and Phillips 

(1958), the term, "Archaic," refers to the pan-North 
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American post-Pleistocene stage in human culture history-

characterized by hunting and gathering subsistence 

strategies. As Cordell (1997) points out, this general 

definition frustratingly conflates chronology with cultural 

characteristics, meaning that Willey and Phillips' (1958) 

broad definition of "Archaic" synchronously refers to both 

a particular duration of time and a suite of socio-economic 

strategies. For Huckell, the economic connotations of 

Willey and Phillips' general, pan-continent definition of 

"Archaic" continue to reside in the middle word of Late 

Archaic Period. For this reason, he states that due to 

archaeological evidence, which implies that Late Archaic 

Period inhabitants practiced agriculture, "the Late Archaic 

period is actually less easily teirmed 'Archaic' from the 

standpoint of subsistence. . .'Archaic' is therefore not 

really appropriate in an ecological sense" (Huckell et al. 

1995:2-3). Throughout the report on the 1993 excavations 

at the Milagro Site, Huckell chooses to use "late 

preceramic" in place of Late Archaic (Huckell et al. 

1995:3). Huckell continues to use this term in reference 

to the Late Archaic Period in his edited publication on the 

early agricultural settlements along Cienega Creek (Huckell 

1995). However, he further distinguishes those remains 



left by food-producers from those left by contemporaneous 

hunter-gatherers living during the "final portion of the 

preceraraic prehistory in the Southwest" by calling them 

Early Agricultural period remains in order to avoid the 

"confusi[on] with respect to ecology" caused by the 

"continued use of 'Late Archaic' to designate preceramic 

sites with evidence of agriculture" (Huckell 1995:15). 

Furthermore, in his suggestion to retain "the term 'Late 

Archaic' for those preceramic groups that did not adopt 

agriculture," Huckell (1995:16) proposes that two period 

designations might be used to explain two subsistence 

strategies practiced by people living during the same 

interval of time in the same geographic area. Many 

researchers have adopted this systematic framework and 

employed it in their own discussions of the Late Archaic 

Period. 

In my opinion, the Late Archaic Period refers to just 

that, a period—an interval of time. It does not refer to 

the cultural activities that may or may not have occurred 

during the period to which it refers. I disagree with 

Huckell's assertion that the addition of and distinction 

made by the Early Agricultural period perpetuates less 

"inaccurate perceptions of time-space relationships" 
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(Huckell 1995:15). On the contrary, I feel that using two 

period names for two different types of subsistence 

strategies practiced during the same interval of time in 

the same geographic area (i.e., Late Archaic for those 

southern Southwestern sites that do not show evidence of 

agriculture and Early Agricultural for those southern 

Southwestern sites that do) does significantly more to 

confuse interested scholars, whose background may or may 

not be in other geographic regions, than to clarify 

sequential temporal distinctions in cultural material, 

which is the ultimate function of period designations in 

the first place. Archaeologists should not use more than 

one period designation to describe the same interval of 

time in the same geographic area, period. For these 

reasons. Late Archaic Period is the only period designation 

used throughout the remainder of this discourse. To avoid 

any confusion, my explicit definition of the Late Archaic 

Period is as follows. Following Huckell (1984b), the Late 

Archaic Period refers to the interval of time between 

roughly 2000 B.C. and 500 A.D. in the southern Southwest. 

It is important to note that archaeological evidence shows 

that some Late Archaic Period inhabitants practiced hunting 

and gathering subsistence strategies and some Late Archaic 
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Period inhabitants practiced small-scale agriculture during 

this period. Sites used and left by inhabitants following 

either (or both) of these socio-economic strategies are 

included in the following analysis, for my database 

includes all Late Archaic Period sites in the Tucson Basin. 

Recent Archaic Period research in the Tucson Basin 

Relative to the enormous amount of research conducted 

on the subsequent and much shorter Ceramic Period, little 

work has been done on the Southwestern Archaic Period 

during the past seven decades, to which these quotes 

attest: 

One can easily count on the fingers of one hand 
the archaeologists who have devoted more than 
passing attention to preceramic archaeology in 
the Southwest, but to count the numbers of 
archaeologists specializing in the archaeology of 
pottery-producing groups one needs both hands, 
both feet, and the same appendages of several 
friends [Huckell 1984a:2]. 

[A]1though the Archaic period spans 70 to 80 
percent of the culture history of the North 
American Southwest, it has certainly not received 
an equivalent proportion of archaeological 
attention or interest [Huckell 1996b:306]. 

Compared to later intervals of prehistory, the 
Paleoindian and Archaic periods are still "dark 
ages" in Arizona and the rest of the Southwest 
[Mabry 1998b:3]. 
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Some attribute this phenomenon to the ephemeral and 

lackluster nature of Archaic Period remains in contrast to 

the monumental and highly visible remnants of the Ceramic 

Period (Minnis and Redman 1990; Speilmann 1990). Although, 

for whatever reason, considerably less work has been done 

on the Archaic than the Ceramic Period in the Southwest, it 

does not necessarily follow that no significant work has 

been conducted. Over the past fifteen years a number of 

research projects throughout the Southwest have contributed 

a varied cornucopia of new archaeological information 

concerning several aspects of Southwestern Archaic life, 

such as resource procurement strategies (Roth 1998); 

settlement patterns (Fish et al. 1990, 1992; Premo and 

Mabry 2001; Roth 1989, 1992, 1993, 1995, 1996;); socio

economic change (Huckell 1990, 1995; Matson 1991; Minnis 

1992; Wills 1988, 1992); and population continuity (Berry 

1986; Berry and Berry 1986; Waters 1986). 

At the local scale, an explosion of contract 

archaeological work has produced interpretations and 

databases concerning various Archaic Period occupations 

throughout the Tucson Basin that have raised more than a 

few eyebrows in the Southwestern archaeological community 

(Ciolek-Torrello 1998; Gregory 1999, 2001; Huckell et al. 
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1995; Mabry 1998a; Mabry et al. 1997). Thanks to this 

archaeological work, prehistorians are in a different 

position now than we were seventeen short years ago when 

Huckell had this disheartening statement to say about 

attempting to explain the Archaic Period prehistory of the 

Tucson Basin: 

It is somewhat akin to being given a window 
frame, a doorknob, and a brick and being asked to 
reconstruct the house they came from—there simply 
is not a lot to go on. [Huckell 1984b:133] 

Tucson Basin Archaic Period research has reached a 

point at which it is imperative to focus on the important 

task of synthesizing the significant amount of data that 

has been amassed, rather than on Archaic Period research 

that was not conducted in the past for whatever reason. We 

must act accordingly. 
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CHAPTER III. 
THE STUDY AREA: GEOGRAPHIC AND ENVIRONMENTAL 

SETTINGS OF THE TUCSON BASIN 

Humans have intermittently occupied the Tucson Basin 

for thousands of years. Although Paleoindian and Early 

Archaic Period remains continue to elude Tucson Basin 

researchers for the most part, recent excavations have shed 

light on the Middle Archaic Period through Protohistoric 

inhabitants of the valley. To orient the reader with this 

interesting region of the U. S. Southwest, this chapter 

presents brief geographical and ecological descriptions of 

the Tucson Basin. These descriptions provide a general 

idea of the study area's biophysical characteristics, not 

an exhaustive discussion of all of its environmental 

features. 

Following Doyel (1984) and Huckell (1984b), I define 

the areal extent of the Tucson Basin study area as the 

region bounded by the Tortolita mountains on the Northwest, 

the Santa Catalina mountains on the Northeast, the Rincon 

mountains on the East, an east-west line running through 

the small town of Continental on the South, and the Tucson 

Mountains on the West. FIGURE 3.1 provides a visual 

representation of this region with some of the important 

landform features labeled. The areal extent of this area 



FIGURE 3.1 The Tucson Basin study area. 
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is equivalent to that represented by nineteen 7.5' 

(1:24,000) USGS topographic maps. 

The Tucson Basin sits at the eastern edge of the Lower 

Sonoran Desert. It is part of the southern Basin and Range 

province of the Greater Southwest, which is characterized 

by a series of parallel northwest-southeast trending 

mountain ranges separated by broad alluvial valleys. The 

mountain ranges surrounding the Tucson Basin are the 

results of Miocene and Pliocene block faulting events. 

Over millions of years, erosion of these ranges provided 

the alluvial deposition necessary to create pediments, 

alluvial fans, and stream terraces, which fill the valley 

in between. 

The Santa Cruz River and its tributaries are 

responsible for the major alluvial landforms, shown on 

McKittrick's (1988) and Jackson's (1989) geological maps. 

Although it is presently dry for much of the year, sections 

of the Santa Cruz River and its larger tributaries may have 

provided perennial water sources during the Late Archaic 

Period, including cienegas along many stretches of the 

streambed (Freeman 2000). Mountain runoff fed creeks and 

springs also aided sediment transfer and probably provided 
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important sources of water to Late Archaic Period upper 

baj ada inhabi tants. 

Water is the limiting factor for both human and 

nonhuman inhabitants of the semi-arid Tucson Basin, which 

annually receives an average of ten inches of rainfall 

(250mm), the majority of which falls {at many times, 

torrentially) during summer and winter rainy seasons. 

Although exceedingly hot during the summer months, the 

Tucson Basin's climate is agreeable and provides a lengthy 

average frost-free growing season of approximately 250 days 

(Roth 1989). The vegetative regime of the Tucson Basin, 

which belongs to the Arizona Upland Division of the Sonoran 

Desertscrub Biotic Community, is adapted to these high 

temperatures and low moisture levels (Turner and Brown 

1982). The vegetative regime includes four major plant 

communities—mesquite-saltbrush, creosote-white bursage, 

paloverde-mixed cacti, and riparian—which, together, offer 

inhabitants a temporally and spatially heterogeneous set of 

vegetative resources within a relatively compact area. 

Like the vegetation of the Tucson Basin, the fauna are also 

diverse as well as temporally and spatially heterogeneous. 

Archaic Period faunal assemblages in the Sonoran Desert 

include a variety of large mammals (big-horn sheep. 
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pronghorn antelope, white-tailed deer), small mammals 

{lagomorphs, rodents), birds (quail, dove), and reptiles 

(Szuter and Bayham 1987; Theil 1998; Wocherl 1999). 

Vegetative and faunal communities in the Tucson Basin 

are both zoned according to elevation. As a whole, the 

basin exhibits a significant amount of vertical relief; the 

lowest point in the study area is 592 meters above sea 

level and the highest is 2789 meters. As moisture level, 

temperature, and number of frost-free days vary from low 

elevations to high elevations, so do the compositions of 

the biotic communities. Conventionally, these vertical 

biotic gradations are divided into four discrete 

environmental zones: the floodplain, lower bajada, upper 

bajada, and mountains. It seems that differences in 

resource distributions in these zones had a significant 

impact on Late Archaic Period settlement patterns (Fish et 

al. 1990, 1992; Premo and Mabry 2001; Roth 1989). 

Interestingly, a bimodal trend in site distributions, which 

favors floodplain and upper bajada environmental zones for 

site locations over lower bajada and mountain zones, holds 

true for the Late Archaic Period through the Hohokam 

occupation of the basin (Fish et al. 1990, 1992). 
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Although the paleoclimatic reconstructions of the 

Altithermal (7,500-4,000 BP) in the U.S. West have been 

hotly debated, there is wide agreement about the 

paleoclimatic reconstructions of the paleoenvironmental 

period associated with the Late Archaic Period, the 

Medithermal (4,000 BP-present) (compare Antevs 1948, 1955, 

1962, 1983; with Martin 1963a, 1963b; Martin et al. 1961). 

Roth (1989) believes that in the Tucson Basin the major 

environmental zones were established by 4,000 BP and that 

no major environmental changes occurred during the 

Medithermal. Therefore, one can assume that the data 

concerning the present environment of the Tucson Basin, 

which I have amassed and used in this predictive model, is 

relatively representative of the environment in which the 

Late Archaic Period inhabitants lived, the primary 

difference being that a greater niomber of perennial water 

sources, cienegas, and expanses of grasslands existed in 

the area prehistorically (Waters 1987). 

For research purposes, the land parcels of the Tucson 

Basin study area can be partitioned into two discrete 

categories—surveyed and unsurveyed—depending on the level 

of archaeological investigation they have received. This 

distinction between surveyed, or known, land parcels and 
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unsurveyed, or unknovm, land parcels becomes crucial when 

developing predictive archaeological models. FIGURE 3.2 

presents the surveyed area in gray and the unsurveyed 

portion of the study area in white. Currently, the 

surveyed area of the Tucson Basin covers approximately 

919,871,100 square meters. FIGURE 3.2 also presents the 

locations of the 50 sites used to develop the predictive 

model in a later chapter. 

In sum, the Tucson Basin is a varied locale in terms 

of its vegetative, faunal, and hydrologic resources. 

Because these factors vary with elevation, a diverse set of 

resources can be procured from a small area, although they 

may not be obtained synchronously since they are temporally 

(seasonally) as well as spatially heterogeneous. This 

vertical zonation of important resources aided prehistoric 

inhabitants of the semi-arid Lower Sonoran Desert in the 

Tucson Basin by allowing them to utilize the resources of a 

number of different ecological regimes without traveling 

great distances. Previous investigations of prehistoric 

settlement patterns in the Tucson Basin elucidate a bim.odal 

trend, in which the vast majority of sites are located in 

floodplain and upper bajada environmental zones. 
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FIGURE 3.2 Late Archaic Period sites located within 
surveyed areas. Gray polygons represent the surveyed 
portions of the Tucson Basin, and black triangles represent 
the Late Archaic Period sites used in model development. [I 
thank the AZSITE division of the Arizona State Museiim for 
sharing their most current (as of August 2000) digital 
survey data for use in this project.] 
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Now that the cultural and physical characteristics of 

the study area have been introduced, let us turn our 

attention to the theoretical framework of contemporary 

predictive archaeological modeling projects and, then, to 

the Late Archaic Period predictive model, itself. 
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CHAPTER IV. 
THEORETICAL PRINCIPLES OF PREDICTIVE ARCHAEOLOGICAL 
MODELING AND GEOGRAPHIC INFORMATION SYSTEMS (GIS) 

"The future is certain, it's the past that's 
unpredictable." (Unknown) 

Models are ubiquitous in the study of prehistory. By 

abstracting a few important features from reality for 

further consideration, models simplify the inherent 

complexity of many research problems, thereby providing 

conceptual clarity and improving the understanding of a 

system. According to Clarke, models are "hypotheses or 

sets of hypotheses which simplify complex observations 

whilst offering a largely accurate predictive framework 

structuring these observations" (Clarke 1968:32). Models 

constitute conceptual tools, which, if used wisely, allow 

archaeologists to formulate "largely accurate" predictions 

about past human behavior from mere samples of the 

surviving portions of prehistoric cultural systems. 

An archaeologist, who spends a significant portion of 

his/her career studying one particular region and/or 

period, commonly develops accurate mental predictive models 

of site locations based on extensive logs of personal field 

experience. Such mental models are not recent 

developments. Although not considered "newcomers" to the 
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field of archaeology, since the late 1970s predictive 

archeological modeling approaches have undergone a 

"remarkable pace" of methodological development (Kvamme 

1990:257). An increase in regional-scale archaeological 

research and improvements in the affordability, 

applicability, and accessibility of computer technology 

facilitated this remarkable pace. An example of the later 

is the development of computerized geographic information 

systems (GIS) , which make it possible for researchers to 

complete in minutes models that would take weeks or months 

to produce by hand. I use the remainder of this chapter to 

review the developmental history and fundamental 

theoretical principles of predictive archaeological 

modeling and GIS, for I relied heavily upon both to produce 

a predictive model of Late Archaic Period site locations in 

the Tucson Basin. 
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Predictive archaeological modeling 

Metaphorically speaking, construction of the 

methodological and theoretical house in which the modern 

formal predictive locational modeling process currently 

resides did not commence until the 1930s. Julian Steward 

was responsible for three advances in the discussion of the 

relationship between environment and culture that directly 

influenced the developmental trajectory of predictive 

locational modeling techniques. First, as opposed to many 

of his contemporaries, who practiced the particularistic 

culture-area approach and concerned themselves strictly 

with mapping the spatial correlations between culture 

traits and environmental characteristics. Steward was 

interested in how environmental variables could be used in 

causal explanations of the spatial distribution of diverse 

cultures. Second, he emphasized the effects that specific 

local environmental variables can have on individual facets 

of human behavior, including site location. Third, Steward 

argued that one must empirically identify the environmental 

parameters that directly influence behavioral adaptations, 

which form the bases of culture cores (Kohler 1988). In 

arguing that empirically derived environmental variables 

significantly influence, and can be used in explanations 
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of, particular aspects of human culture at the local scale, 

Steward's cultural ecological framework laid the foundation 

for predictive locational modeling. 

Upon the foundation laid by Steward's cultural 

ecological framework, trailblazing settlement archaeology 

studies of the 1950s and 1960s quickly assembled the sub-

floor and first story. Willey's famous Viru' Valley survey 

introduced to archaeology the systematic study of 

settlement patterns, which he defined as "the way[s] in 

which man disposed himself over the landscape in which he 

lived" {Willey 1953:1). The first round of settlement 

archaeology papers, for which Willey's study acted as the 

catalyst, contains argiaments that build upon Steward's 

insight that environmental variables play important roles 

in determining spatial distributions of human settlements 

across landscapes (Kohler 1988). Settlement pattern 

studies continue to add to our understanding of how 

environmental and socio-cultural influence human spatial 

patterning across landscapes (Billman and Feinman 2000). 

During the 197 0s, settlement archaeology studies 

incorporated formal statistical inferential techniques to 

explain why archaeological sites were located where they 

were (Plog and Hill 1971). Formal statistical results 
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yielded quantified relationships between known site 

locations and their cultural and physical environmental 

variables and sparked talk of predictive locational models. 

Many believed that an understanding of the statistically 

significant relationships between site locations and 

environmental and cultural variables in "known" regions 

could be applied to environmentally and culturally similar 

"unknown" regions to predict which areas were likely (and 

unlikely) to contain similar archaeological remains. 

Formal statistical treatment of locational spatial data 

placed a roof atop predictive archaeological modeling's 

methodological and theoretical home, and the tenant-quite 

immature, but very ambitious and promising—began residence 

immediately, unaware of the drastic changes and infinite 

applications that lay in its future. 

Over the last two decades, researchers throughout 

North America applied predictive archaeological modeling 

techniques to such an impressive array of archaeological 

research questions, cultural periods, and physical 

environments that Sebastian and Judge stated that the 

techniques now form "an integral component of the 

[archaeological] discipline" (Sebastian and Judge 1988:1). 

To avoid ambiguity, it is imperative to clearly define 
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predictive archaeological modeling before carrying this 

discussion further. Kohler defines a predictive 

archaeological model as: 

a simplified set of testable hypotheses, based 
either on behavioral assumptions or on empirical 
correlations, which at a minimum attempts to 
predict the loci of past human activities 
resulting in the deposition of artifacts or 
alteration of the landscape. [Kohler 1988:33] 

Kvamme states that predictive archaeological models: 

attempt to predict the location of archaeological 
sites, or other prehistoric features, in a region 
based on patterns or tendencies observed in 
samples from the region, or on fundamental 
notions or assumptions about human behavior. 
[Kvamme 1990:257] 

These two definitions provide holistic descriptions of 

what a predictive archaeological model is and does, 

respectively. Also, they both mention two general classes 

of predictive archaeological models: theoretical models, 

which are based on assumptions about past human behavior, 

and empirical models, which are based on observed 

tendencies or correlations between site locations and 

independent variables from samples in a region. The former 

type is deductive while the latter is inductive. 

Researchers frequently employ both types of predictive 

models in contemporairy research and cultural resource 

management contexts. It is important to state that the 
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present model is an example of an empirical predictive 

model because it uses relationships between known Late 

Archaic Period site locations and environmental variables 

to project where other sites might be located. Although it 

is beyond the scope of this project, it would be of 

interest to compare the empirically derived results of this 

model with the results of a theoretical, or deductive, 

predictive model of Late Archaic Period sites in the Tucson 

Basin. By using the two types of models in conjunction, it 

may be possible to better elucidate the structure behind 

Late Archaic Period settlement patterns and critique the 

assumptions archaeologists currently hold concerning the 

human behaviors they attribute to their formation. 

The above definitions of a predictive archaeological 

model are necessarily general. Because both empirical 

environmental variables and assumptions about human 

behavior vary temporally and spatially, each predictive 

archaeological model is often specially tailored to predict 

the locations of sites from specific cultural periods 

within a bounded geographic area (to whit, the Late Archaic 

Period in the Tucson Basin). In addition to being 

temporally and spatially specific, each predictive model 

has a unique goal, such as to predict site presence/absence 
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or site density per area, and may utilize a number of 

different types of variables in addition to those that the 

physical environment provides. The diversity of possible 

predictive modeling goals, data, regions, and 

archaeological periods forces the general strategy to 

encompass a plethora of distinctly individualized modeling 

techniques, which are as varied and interesting as the 

archaeological problems to which, and the archaeologists by 

whom, they are applied. This diversity in predictive 

modeling techniques brings interesting methodological 

insights as well as disillusionment concerning the 

existence one unified and all-encompassing theoretical 

framework (Kvamme 1990). Over a decade ago, Sebastian and 

Judge explained these concerns as growing pains, "we are 

still very much in the initial stages of learning how to go 

about using predictive modeling in archaeology. . .to 

[understand] how people in the past used the landscape in 

which they lived" (1988:1). 

Finding the "growing pains" argument unsatisfactory, 

Kvamme summarized and discussed the fundamental principles 

common to all predictive archaeological modeling techniques 

in an attempt to clarify "essential domains and ideas" and 

place the predictive modeling enterprise on "firmer 
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methodological ground" (Kvamme 1990:258). Following Kvamme 

(1990:258-268), I present five fundamental principles of 

predictive archaeological modeling. First, all predictive 

models utilize basic principles of probability theory. The 

reader should always treat model values and assessments 

probabilistically, regardless of the specific statistical 

technique employed to produce them. For example, in order 

for one to consider a predictive model useful, it must 

correctly predict the presence and absence of sites at land 

parcels with greater probability than that attributable to 

random chance, or prior probability (see Kvamme 1990:260-

261) . 

Second, the elementary unit of investigation in all 

predictive modeling techniques is the parcel of land, not 

the archaeological site. Although researchers use known 

archaeological site locations to find significant 

relationships between land parcels that contain known sites 

and environmental and/or socio-cultural independent 

variables, the model assigns final probability values to 

parcels of land; models do not assign probability values to 

known or unknown archaeological sites. It is also 

important to note that land parcel size defines model 

resolution (Kvamme 1990). In order to assign probability 
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values to parcels of land, predictive models must consider 

dependent and independent variables. 

The third and fourth fundamental principles concern 

the nature of dependent and independent variables, 

respectively. In all predictive models, the generalized 

dependent variable is the event, but the specific nature of 

the "archaeological event" depends on the specific research 

objectives of each particular model. Archaeological events 

include, but are not resigned to: the presence of a certain 

site type (e.g., residential, logistic, ceramic, 

preceramic, etc.); the presence of artifacts at a 

predefined density level (e.g., low, medium, or high); or 

the presence/absence of any archaeological evidence at all. 

Although, ultimately, the specific nature of the 

archaeological event is left to the discretion and goal of 

each modeler, in every model the possible outcomes must be 

partitioned into mutually exclusive and exhaustive events, 

including an archaeologically "empty," or "no evidence," 

classification (Kvamme 1990:267). As Kvamme (1990) 

explains, unknown archaeological event classifications, 

those that the predictive model assigns to land parcels in 

unsurveyed areas, are dependent upon non-archaeological 

characteristics of each surveyed and unsurveyed land 
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parcel. Non-archaeological independent variables include 

biophysical environmental characteristics (e.g., elevation, 

slope, distance to water, vegetation type, soil type, 

etc.), socio-cultural characteristics (e.g., distance to 

ceremonial center, distance to central place, etc.), and 

positional coordinates. Accurate predictive models use few 

independent variables that do not have statistically 

significant bearings on the distribution of known 

archaeological events (see Kvamme 1985:217-228). For a 

number of methodological and theoretical reasons, which 

Kohler (1988) discusses, most predictive archaeological 

models currently rely solely upon biophysical environmental 

variables. The predictive model I present in the following 

chapters is not an exceptional case in this regard. 

Fifth, and finally, the predictive aspect implied by 

the first term of predictive archaeological modeling occurs 

when models assign probability values to land parcels that 

have an unknown archaeological event classification, that 

is, it is not known whether the parcel of land contains 

archaeological evidence. In this way, predictive 

archaeological models project values on unknown 

(unsurveyed) parcels based on empirical relationships found 

to "determine" site locations and non-site locations in 
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known (surveyed) land parcels. The five principles 

reviewed above are fundamental and common to all predictive 

archaeological modeling techniques and relay the general 

objective and method involved. There is one additional 

aspect that is common to most manifestations of the 

contemporary practice of predictive modeling that has yet 

to be discussed—the use of GIS. 

Geographic information systems (GIS) and their roles in the 

predictive archaeological modeling process 

It is beyond the scope of this thesis to detail the 

theoretical development and the many applications of 

geographic information systems. Besides, a sufficient 

number of informational and complete overviews of GIS 

(Marble 1984; DeMers 1997; Burrough and McDonnell 1998) and 

of the applications of GIS to archaeological research 

(Kvamme 1989; Kvamme and Kohler 1988) exist elsewhere. 

However, because my research so heavily depends upon 

computerized cartographic modeling techniques, it is 

necessary to briefly define GIS and discuss the ways in 

which they revolutionized and then entrenched themselves 

within the practice of predictive archaeological modeling. 
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The main purpose of all geographic information systems 

is to process spatial data. Many definitions of GIS exist. 

The following is among the most elegant: 

GIS can be viewed as data management systems with 
a spatial component. . .designed for the 
manipulation, analysis, storage, capture, 
retrieval, and display of data that can be 
referenced to geographic locations. [Kvamme 
1989:139] 

As traditionally defined, GIS contain three necessary 

components: computer hardware, sophisticated software 

modules, and at least one knowledgeable human operator. 

Many research disciplines and public service entities have 

consumed, successfully applied, and come to rely on GIS 

technology. The archaeological research and cultural 

resource management fields are not exceptions (Kvamme 

1989). GIS provide archaeological researchers and cultural 

resource managers with powerful analytical and data 

management tools. Furthermore, as you will see below, GIS 

technology has made possible many predictive modeling 

techniques that simply were not feasible before its 

development. 

Predictive locational models require large amounts of 

data, which must be divided into units of analysis of 

standardized and equal area. These data assume the forms 
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of map-measurable environmental and socio-cultural 

variables for: 1) each known land parcel containing a known 

archaeological event; 2) a random sample of land parcels 

within the known area; and 3) each land parcel located in 

the unknown region where the model is to be used to project 

probabilities of archaeological events (Kvamme 1990). The 

enterprise of predictive archaeological modeling is 

computationally intensive. Even relatively "simplistic" 

predictive locational models require thousands of map 

measurements and algebraic algorithms. The sheer number of 

necessary measurements sets inhibiting limitations on the 

sample sizes and areas used by models produced solely by 

manual measurements obtained from analog maps and makes 

their application to sizable unsurveyed areas nearly 

impossible. GIS technology alleviates nearly all of the 

limitations associated with manual map measurements and 

application by employing a raster data structure. 

GIS can store, manage, and manipulate two types of 

data structures: vector and raster. Predictive 

archaeological modeling techniques make use of the latter 

because it segments data layers into square cells of equal 

area and represents spatial data numerically within each 

cell. Each standardized cell in a raster grid represents a 
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parcel of land and the basic unit of analysis in predictive 

modeling (see above). The GIS assigns each cell an 

internal (x, y) coordinate and a numerical value, which can 

represent nominal, binary, ordinal, integer, or ratio scale 

information depending on the characteristic of the cell and 

the type of data under study. For example, each 30 X 30 

meter cell of a raster digital elevation model (DEM) 

contains one floating point numerical value representing 

that cell's elevation above sea level in meters. Along 

similar lines, each 10 X 10 meter cell of a raster data 

layer containing distance to water information contains a 

ratio scale value representing that cell's Euclidean 

distance or path distance from the nearest water source. 

In Kvamme's words: 

Most GIS suited for regional archaeological 
analysis and modeling applications are cell-based 
systems, where a study region is gridded into 
cells representing land parcel locations, and the 
various data types are stored on a cell-by-cell 
basis. Each data type, or theme, in the database 
represents a variable that is spatially 
distributed across the region. [Kvamme 1990:281] 

It is most useful to conceptualize raster data layers 

as large spreadsheets of rows and columns, which contain 

ntimerical values within each of their square cells (the 

display maps more commonly viewed by non-GIS users simply 
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substitute a color value for each numerical value). Just 

as in traditional spreadsheets, it is possible to plug 

raster cells' values into algebraic algorithms to analyze 

trends in values or to produce new and meaningful results 

(in this case, new data layers). Because raster data 

layers are actually composed of hundreds, thousands, or 

even millions of numbers, each assigned to one of a 

corresponding number of uniformly distributed and uniformly 

sized cells, they lend themselves to efficient 

manipulation, combination, and formal statistical 

assessment via mathematical equations, expressions, and 

basic logical Boolean operations. In representing spatial 

information numerically, raster GIS data layers allow users 

to employ advanced analytic operations, spatial statistics, 

and map algebra—all referred to as belonging under the 

rubric of "map-ematics"—to efficiently accomplish and 

manage the large number of measurements and computations 

necessary to the formulation of a predictive archaeological 

model {Berry 1993:58; Kvamme 1988, 1990). These qualities 

(and many others) transformed GIS from tools that, 

initially, were helpful to predictive modeling techniques 

into tools that, currently, are necessary to predictive 
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modeling techniques. As Kvamme notes: 

Indeed, it is arguable that wide-region, high-
resolution archaeological predictive modeling is 
not possible to achieve without a GIS. The 
graphic output portrays models in ways 
unimaginable previous to the incorporation of 
GIS. [Kvamme 1990:283] 

I present the raster data layers used to produce a wide-

region, high-resolution predictive locational model of Late 

Archaic Period sites in the Tucson Basin in the following 

chapter. 

Although not a neophyte to the archaeological 

discipline, predictive archaeological modeling has 

undergone a large number of modifications in the past few 

decades. As a result, it is now a very different process. 

Concepts put forth by Steward's cultural ecology, Willey's 

settlement archaeology, and processual archaeology 

influenced the theoretical developmental trajectory of the 

modeling process, while technological developments in other 

fields, such as geography and computer information science, 

impacted its methodology. 
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CHAPTER V. 
LATE ARCHAIC PERIOD SPATIAL DATA 

All archaeological predictive models require two types 

of data: dependent and independent variables. Dependent 

variables are "known" archaeological event classifications. 

Independent variables are non-archaeological 

characteristics of both surveyed (known) and unsurveyed 

(unknown) land parcels. Non-archaeological characteristics 

include biophysical environmental and/or socio-cultural 

features of the landscape. This chapter describes the 

dependent and independent variables employed in this study. 

In addition to explanations of the methods used to obtain 

both data types, I explicitly define each data layer and 

discuss the real world characteristic that its numerical 

values represent. 
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Dependent variable data: presence/absence of Late Archaic 

Period sites in surveyed land parcels 

According to Kvamme, the dependent variable of a 

predictive archaeological model is: 

a mutually exclusive and exhaustive collection of 
events. . .which reflect various archaeological 
phenomena that can occur in land parcels, 
including an archaeologically "empty", "no 
evidence" event. [Kvamme 1990:267] 

The archaeological event classifications that my predictive 

locational research uses are presence of Late Archaic 

Period site within a land parcel and absence of Late 

Archaic Period site from a land parcel. In other words, 

every land parcel in the study area may either contain or 

lack a Late Archaic Period site. Note that I use the term 

"site" in the general sense, in which it refers to the 

entire spectrum of Late Archaic Period cultural material 

assemblages, including small low density lithic scatters, 

relatively large early villages, and everything in between-

assuming that each assemblage can be temporally-defined to 

the period in question. In order to determine which 

surveyed land parcels contain sites and which do not, a 

regional database of Late Archaic Period archaeological 

remains is required. 
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The regional database of Late Archaic Period sites 

used in this analysis is an updated version of a 

preexisting compilation containing the most current data 

available as of the summer of 2000. In 1998, the Arizona 

State Preservation Office published a report presenting a 

comprehensive review of all known Paleoindian and Archaic 

Period sites in the Grand Canyon State. Chronologically, 

these sites represent at least eighty-five percent of 

Arizona's prehistory (Mabry 1998b). An important by

product of this research is a digital spreadsheet, named 

AZEARLY after the early human occupations of present-day 

Arizona with which it deals. The database contains 

information for 4,501 items in 59 fields. Each item 

represents an individual Paleoindian or Archaic Period 

site. Each of the 59 fields provides a unique piece of 

information concerning many different aspects of each site, 

including locational information (UTM coordinates), 

elevation, physiographic region, artifact types present, 

feature types present, level of investigation, 

environmental/adaptational period, projectile point types 

present, geomorphological context, and many others. 

AZEARLY's content was obtained from an intensive review of 

relevant archaeological reports and site recording forms 
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scattered among fifteen institutions and archives, some of 

which are located outside of Arizona. AZEARLY is the first 

database that concentrates such a large amount of 

information about Paleoindian and Archaic Period remains in 

Arizona into one convenient document. As such, AZEARLY 

presents itself as the perfect starting point for 

constructing a current regional database of Late Archaic 

sites in the Tucson Basin. 

After obtaining the necessary permission from 

AZEARLY's author, I abstracted data for all sites that met 

both of the following conditions: 1) the site falls within 

my study area and 2) the site has at least one Late Archaic 

Period occupation. I considered occupations coded as 

"Middle or Late Archaic," "Late Archaic," "San Pedro," or 

"Early Agricultural" to fall within my inclusive definition 

of Late Archaic Period (see Mabry 1998b). Because it was 

constructed mainly from site recording forms, Mabry 

harbored concerns that AZEARLY may not accurately or 

completely contain the data uncovered by some of the 

unprecedented Late Archaic Period Tucson Basin excavations 

conducted over the last two decades. Many of the site 

recording forms he used to build AZEARLY are three or four 

decades old, some only contain survey data for sites that 
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have been since excavated, and site recording forms are not 

present for all known sites. To enhance the usefulness of 

the database and provide my research with the most current 

regional data on Late Archaic Period sites, I reviewed 

approximately sixty recently published archaeological 

reports and papers concerning Late Archaic Period sites in 

the Tucson Basin (most had been released in the past 

fifteen years) in an effort to replace outdated information 

with data gleaned from recent excavations and sujrveys. I 

also added a number of Late Archaic Period sites to the 

database that were not included previously due to missing 

site recording forms. This work provides a more 

comprehensive version of a temporally and spatially 

specific subset of AZEARLY. The updated Tucson Basin Late 

Archaic Period digital database was converted into vector 

and raster digital data layers using sites' UTM 

coordinates. Although the database contains information on 

63 Late Archaic Period sites located within the Tucson 

Basin study area, I developed the predictive model using 

only updated locational data for Late Archaic Period sites 

in surveyed areas {N=50 sites) (See FIGURE 3.2). Site UTM 

coordinates place Late Archaic Period sites into 50 

surveyed land parcels, which are assigned the "site 
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present" archaeological event. The thousands of surveyed 

land parcels in which site UTM coordinates do not place 

Late Archaic Period sites are each assigned the "site 

absent" archaeological event. Together, the "site present" 

and "site absent" surveyed land parcels comprise my 

dependent variable for the predictive archaeological model. 

Although the model was developed using only one subset of 

my updated database, following Kvamme (1988), I assess the 

model with two subsets of the study area data: Late Archaic 

Period sites from surveyed land parcels only (N=50) and 

Late Archaic Period sites from unsurveyed land parcels only 

(N=13). 
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Independent variable data: biophysical environmental 

characteristics of the Tucson Basin 

Independent variables include non-archaeological 

characteristics of land parcels. Although models can use 

both biophysical and cultural aspects of the landscape as 

independent variables, this predictive model employs the 

former only. In this particular case, the relative paucity 

of Late Archaic Period data and temporal imprecision at 

which sites can be placed disallows the use of socio-

cultural variables, such as distance to trade center, 

distance to ceremonial site, or distance to nearest 

contemporaneously occupied neighboring site. First, 

although measures of artifact diversity and feature 

diversity suggest that a wider range of activities were 

carried out at some Late Archaic Period sites than at 

others and evidence of communal architecture has been found 

at at least one site (Mabry 1998a), it is not possible at 

this time to label sites as ceremonial centers or economic 

hubs. Second, because it is not known which (if any) Late 

Archaic Period sites were occupied at the same time, 

distances between them are irrelevant to this analysis. 

Besides, even if this type of data were available for known 

sites in surveyed areas, it would not be available for the 
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unsurveyed areas. For, if we already knew the location of 

sites in unknown areas, the predictive model would be 

unnecessary. 

Given the emphasis this model places on biophysical 

characteristics, some may describe this predictive model of 

Late Archaic Period site locations in the Tucson Basin as 

ecologically deterministic. However, I point out that I 

did not exclude cultural variables in favor of 

environmental ones; useful region-wide cultural independent 

variables simply cannot be gleaned from the present Late 

Archaic Period data set at this time. Therefore, I argue 

that this model, like most predictive archaeological 

models, is ecologically deterministic by default, not by 

design. It uses the best non-archaeological data 

available, all of which happens to describe environmental 

characteristics of the biophysical landscape. Future 

research could strengthen the holistic accuracy of this 

predictive model by incorporating socio-cultural 

independent variables as they become available. 

GIS software is entirely responsible for the creation 

and management of the independent data layers used in this 

analysis. For reasons discussed in the previous chapter, 

independent variable data were manipulated using the raster 
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data structure. Just as a grid system divides an 

archaeological excavation into standardized 1X1 meter 

units of analysis, the raster data structure divides 

regional data layers into standardized units of analysis, 

called cells. Cell dimensions, which the modeler defines, 

determine model resolution. Larger cell sizes produce 

lower resolution maps but require less processing response 

time and computerized storage space. Conversely, smaller 

cell sizes produce higher resolution maps but require 

greater processing response time and computerized storage 

space. High-resolution maps became the norm as advanced 

affordable computers began to alleviate processing time and 

storage space concerns. Each data layer used in this model 

is composed of thousands of square cells that measure 3 0 

meters per side. Therefore, each cell value refers to an 

area of 900 square meters. Given the size of the study 

area and modern resolution standards, one should consider 

the results of this modeling technique to be of medium-high 

resolution (Kvamme 1990). 

Most predictive archaeological models focus on 

biophysical environmental characteristics, such as slope, 

relief, proximity to drainages, and proximity to landform 

features like stream terraces or canyon rims (Kvamme 1991). 
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Data layers representing each of these (and many other) 

environmental characteristics are routinely derived from 

one important source data layer, a digital elevation model 

(DEM), using various algorithms on stored elevation values. 

The remainder of this chapter presents each of the 

independent variable data layers used in this predictive 

model. 

I obtained my study area DEM (FIGURE 5.1) from a 

larger DEM of southeastern Arizona and southwestern New 

Mexico, which I downloaded from Utah State University's 

web-based geographic data library. Each 3 0 X 30 meter cell 

of the DEM contains an integer value, which represents that 

cell's elevation above sea level in meters. In FIGURE 5.1, 

darker shades of gray represent relatively large values 

(higher elevations) and lighter shades of gray represent 

relatively small values (lower elevations). FIGURE 5.2 

provides a more recognizable version of the same DEM by 

modeling light and shadows caused by the setting sun. 

Because the study area DEM is of acceptable quality and 

desired resolution, I deemed its accuracy sufficient to be 

used to derive the secondary data types discussed below. 

An archaeological predictive model commonly includes 

slope, or ground steepness, among its independent 
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FIGURE 5.1 Digital elevation model (DEM) of the study 
area. 
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FIGURE 5.2 Hillshaded DEM of the study area. 
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variables, because settlements usually correspond with 

level land parcels where steep slopes do not inhibit daily 

activities (Judge 1973) . Like many algorithms that derive 

secondary data layers from DEMs, slope calculations are 

focal, or neighborhood, operations that employ a moving 

w i n d o w  o f  a  p r e d e f i n e d  n u m b e r  o f  c e l l s  ( e . g . ,  3 X 3 ,  4  X  

4). As this window systematically moves across the data 

layer, the GIS software calculates a new value using the 

values from all of the cells included within the window and 

assigns that product to only one target cell in the newly 

derived secondary data layer. In other words, focal 

functions, such as slope, relief, texture, and shelter 

algorithms, calculate one new value by using numerous 

values located in the neighborhood of cells surrounding the 

target cell. Slope value interpolations fit a least-square 

plane to the elevation values of a neighborhood of cells 

and compute its maximiim gradient (Kvamme 1991) . Floating 

point (ratio-scale) slope values can represent the percent 

slope or degree of slope of any least-square plane. 

Percent slope values represent the maximum percent-rise 

that occurs over a neighborhood of cells, and degree of 

slope values represent the measurement of the angle between 

horizontal and the least-square plane. FIGURES 5.3 and 5.4 
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present both versions of slope data used in this predictive 

modeling process. In both visual displays, darker shades 

of gray represent relatively large numerical values (steep 

slopes) and lighter shades of gray represent relatively 

small numerical values {flat land parcels). To fully 

understand how the DEM relates to its slope derivations, it 

is helpful to compare FIGURES 5.3 and 5.4 to FIGURE 5.2. 

This comparison shows that floodplain areas are correlated 

v;ith low slope values and mountainous areas are correlated 

with high slope values. 

GIS software interpolates aspect data layers in a 

similar manner. However, instead of measuring the angle or 

percent rise of the maximum gradient of the least-square 

plane as in slope calculations, aspect calculations measure 

the compass direction, or azimuth, in which the maximum 

gradient of the least-square plane faces. Aspect data 

layers can assume different forms; one type assigns compass 

directions based on the full 360° range and another type 

assigns compass directions based on a 180° range. The 

latter essentially folds the compass on one of its two axes 

so that East and West aspects or North and South aspects 

both equal 90° (Kvamme 1988). This method alleviates some 
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FIGURE 5.3 Percent rise slope data layer (SLOPE(%R)) 
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FIGURE 5.4 Degree of slope data layer (SLOPE(DEG)). 
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of the analytical difficulties caused by the traditional 

3 60° range. For example, although both indicate approximate 

north, most statistical packages unrealistically treat 3 59° 

and 1° measurements as very different directions. This 

archaeological predictive model employs the aspect data 

type in which low values (0-45) represent northern facing 

exposures, medium values (45-135) represent both eastern 

and western facing exposures, and high values (135-180) 

represent southern facing exposures. FIGURE 5.5 presents 

this model's aspect data layer; low values are white, 

medium values are gray, and high values are black. I chose 

to use this version of the aspect data layer, which 

highlights the differences between northern and southern 

exposures at the expense of delineating between eastern and 

western exposures, for two reasons. First, this version is 

better adapted to looking for patterns in site 

distributions in the Southern Basin and Range province of 

the U.S. Southwest where basins and ranges, most of which 

are aligned linearly on north-south axes, naturally produce 

large areas of eastern and western exposure and smaller 

areas of northern and southern exposure. 



FIGURE 5.5 Aspect data layer (ASPECT(NS)). 
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Second, in the northern hemisphere southern exposures 

experience significantly greater amounts of solar radiation 

per land parcel per day than do northern exposures, while 

both eastern and western exposures experience similar 

levels of daily insolation. 

The quality of shelter provided by a location is also 

an independent variable incorporated in many archaeological 

predictive models. Jochim states that locations of natural 

shelters are "directly relevant" to the decision-making 

process that hunter-gatherers conduct when planning their 

use of a landscape (Jochim 1976:51). Although the concept 

of shelter is easy to understand, even to those of us who 

never have to worry about finding a rock outcrop in the 

face of an approaching hailstorm, it is not easily 

operationalized in a GIS and in the predictive model 

(Kvamme 1988) . This predictive model uses an algorithm 

that provides a general idea of a land parcel's shelter by 

measuring the volume of a standardized cylinder, which 

forms at a predetermined height and radius (in this case, 4 

cell lengths) from the land parcel of interest. Locations 

with high values (high cylinder volumes) provide little 

shelter; these locations are hilltops and ridgelines. 



Nr-.. -v.,,. • J^i->«r(>:vv--••^VV/'Sj-'-i.^r-*''.?" 

FIGURE 5.6 Shelter data layer (SHELTER) 



82 

Locations with low values (low cylinder volumes) provide 

adequate shelter; these locations are narrow valley floors 

or box canyon bottoms. According to this algorithm, flat 

land parcels provide an intermediate level of shelter 

(Kvamme 1988). FIGURE 5.6 presents the shelter data layer 

used in this modeling procedure. Again, darker shades of 

gray represent cells containing higher shelter values (less 

shelter) and lighter shades of gray represent cells 

containing lower shelter values (more shelter). 

Measures of local relief and terrain texture are 

somewhat alcin to slope measures. Just as steep slopes 

discourage human settlement, Ericson and Goldstein (1980) 

suggest that rough local terrain also inhibits many daily 

human activities. I use four data layers to describe the 

variance of the terrain surrounding each cell of the study 

area: relief above, relief below, maximum relief, and 

texture. Note that in each data layer, dark gray shades 

represent high values and light gray shades represent low 

values. Maximum relief (FIGURE 5.7) is measured as the 

range in elevation found within a predefined radius of the 

target cell (Kvamme 1988). High maximum relief values 

suggest rugged terrain and low maximum relief values 

suggest gentle terrain. Relief above (FIGURE 5.8) 
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FIGURE 5.7 Maximum relief data layer (RELIEFMAX) 
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FIGURE 5.8 Relief above land parcel data layer 
(RELIEFABV). 



FIGURE 5.9 Relief below land parcel data layer 
(RELIEFBLW). 
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calculates the difference between the target cell's 

elevation value and the highest elevation value in the 

cell's neighborhood. Conversely, relief below (FIGURE 5.9) 

calculates the difference between the target cell's 

elevation value and the lowest elevation value in the 

cell's neighborhood. Terrain texture data offers another 

way to model local relief. Texture values represent the 

variance computed for the elevation values of a predefined 

neighborhood of cells around the target cell (Kvamme 1988). 

High texture values represent variable heterogeneous 

terrain and low texture values represent smooth homogeneous 

terrain. FIGURE 5.10 presents the texture data layer used 

in this modeling process. 

This predictive model of Late Archaic Period site 

locations in the Tucson Basin also includes data layers 

that represent proximity to important resources, such as 

potential and reliable water sources and arable land. 

Jochim (1976) considers proximity to water sources as one 

of four central factors that determine immediate site 

locations among hunter-gatherers. For obvious reasons, 

locating sites in close proximity to water sources is 

important to those living in arid environments such as the 

Sonoran Desert. Therefore, it is not surprising that 



FIGURE 5.10 Terrain texture data layer (TEXTURE) 
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prehistoric and historic Tucson Basin settlements show 

strong correlations to close proximities to water. In this 

model, I include data layers concerning distances to 

"potential" water sources (drainages/washes) and distances 

to "reliable" water sources (relatively large streams and 

large tributaries). 

In order to look for patterns between land parcels of 

each archaeological event classification and their 

proximity to potential water sources, it is necessary to 

create a drainage network data layer. Using slope, aspect, 

and elevation values it is possible to derive data layers 

that display the stream network of an area from that area's 

DEM. In an attempt not to exclude any realistic possible 

surface water sources, I use a conservative definition of 

"potential" water source for this study. I consider any 

cell, into which the water from at least 700 other cells 

flows, part of a drainage watercourse. In other words, in 

order to be considered part of a drainage network, a cell 

must drain at least 630,000 square meters of land. Note 

that this type of drainage data does not make distinctions 

between perennial streams, tributaries, and seasonal 

creeks; they are all considered potential water sources. 

Note also that potential water sources do not include 
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springs, for which comprehensive region-wide data currently 

is unavailable. Distances between each individual cell and 

its nearest potential water source can be calculated using 

Euclidean distance, which simply measures horizontal 

distance ("as the crow flies"), or path distance, which 

includes the vertical changes of an area's topography in 

the distance measurement. Although both distance measures 

are included in this model, I suggest the nearest path 

distance measure is more realistic in light of the fact 

that humans must traverse varied terrain and landforms in 

order to reach water sources. FIGURE 5.11 presents the 

path distance from nearest possible water source data, in 

which darker shades of gray represent higher values (longer 

distances) and lighter shades of gray represent smaller 

values (shorter distances). 

The general method used to calculate distances from 

large streams is very similar to the one used for 

drainages. Again, a stream network is created using the 

study area's DEM. However, in this case, the stream 

network is composed of cells into which at least 50,000 

other cells flow. Therefore, in order to be considered 

part of a "reliable" water source or stream system, a cell 



FIGURE 5.11 Path distance to "potential" water 
sources/drainages data layer (WATERPATHD). 
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must drain at least 45,000,000 square meters of land. This 

threshold effectively eliminates all of the smaller 

drainages present in the potential water source data layer, 

leaving only the few major waterways—the Santa Cruz and 

Rillito Rivers, Canada del Oro, Pantano Wash—and a few 

large tributaries, such as Sabino Canyon and Brawley Wash. 

FIGURE 5.12 presents the path distance to stream data 

layer; again, dark gray shades represent large path 

distance from stream values and light gray shades represent 

small path distance from stream values. 

A number of recent Late Archaic Period excavations and 

geoarchaeological studies provide evidence that early 

farmers used stream terraces and alluvial fans for 

cultivation (Haynes and Huckell 1986; Mabry 1998; Mabry 

2001, personal communication; Roth 1989). I created a data 

layer of the path distance to nearest arable land to search 

for patterns between land parcels of both archaeological 

event classifications and proximity to those stream 

terraces or alluvial fans that were present by, or active 

during, the Late Archaic Period. The digitized version of 

two Arizona Geological Survey reports provides the landform 

data used to derive the path distance to arable land data 

layer (McKittrick 1988; Jackson 1989). 
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FIGURE 5.12 Path distance to "reliable" water 
sources/streams data layer (STRMPATHD). 
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FIGURE 5.13 presents the path distance from nearest arable 

land data, in which darker shades of gray represent higher 

values (longer distances) and lighter shades of gray 

represent lower values (shorter distances). 

Summary 

This chapter presents and describes the dependent and 

independent variables used in this predictive modeling 

process. The dependent variable is a collection of 

archaeological event classifications. Late Archaic Period 

site presence and Late Archaic Period site absence are the 

two mutually exclusive and exhaustive archaeological event 

classifications that I employ in this model. Independent 

variables are non-archaeological characteristics of 

biophysical and cultural landscapes. Thirteen independent 

variables are included in this analysis: elevation above 

sea level, slope (percent rise, and degree), aspect, 

shelter, local relief (above, below, and maximum), terrain 

texture, proximity to "potential" water sources (Euclidean 

and path distances), path distance to "reliable" water 

sources and proximity to arable land. The next chapter 

explains the process by which I manipulate the dependent 

data and independent spatial data layers to produce a 
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FIGURE 5.13 Path distance to arable land data layer 
(ARABLEPATHD). 
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predictive model, describes the results of the model, and 

assesses the model's predictive utility. 
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CHAPTER VI. 
THE PREDICTIVE ARCHAEOLOGICAL MODEL: 
PROCESS, RESULTS, AND ASSESSMENT 

The term, predictive archaeological model is easily 

misinterpreted. Predictive archaeological models do not 

predict the specific locations of yet undiscovered sites. 

Instead, predictive archaeological models employ various 

data analysis techniques to: 

abstract the locational pattern exhibited by a 
sample of site-present locations {or specific 
site-type locations) in a region in terms of 
environmental, cultural, or other variables, and 
then to project this pattern over the entire 
region. . .thus, [predictive archaeological 
models] do not predict the locations of 
undiscovered sites; [they] merely map locations 
that possess environmental or other 
characteristics that are similar to those of the 
initial site sample. [Kvamme 1988:327] 

This chapter presents the specific technique used to 

develop a predictive archaeological model of Late Archaic 

Period sites in the Tucson Basin, the resulting probability 

map, and the methods used to assess model utility. 
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THE PROCESS 

Because the ultimate purpose of this research is to 

assign probability values to "unknown" land parcels based 

on patterns found in "known" land parcels, I employ the 

multiple logistic regression modeling technique. Multiple 

logistic regression uses several predictor (independent) 

variables to estimate values on criterion (dependent) 

variables (Kachigan 1986). In this case, a multiple 

logistic regression equation calculates the probability 

that a Late Archaic Period site is present in a land parcel 

as a function of multiple non-archaeological quantitative 

characteristics of that land parcel. This section 

describes how the logistic regression process was 

operationalized in this predictive modeling endeavor 

(FIGURE 5.1). It includes discussions of obtaining site 

samples and random samples of independent variables, 

preliminary testing for non-random patterns in site samples 

of independent variables, conducting the logistic 

regression on a database containing site and random sampled 

data, and converting the spatial data to a probability map. 



Correct the Y-intercept value 

Obtain site samples and 
random samples of independent 

variables from surveyed area only 

Conduct logistic regression using site sample 
and random sample of independent variable 

from surveyed area 

Complete the logistic regression procedure 
by transforming summed weighted values 

into probability values 

Conduct preliminary univariate tests to look 
for non-random patterns in relationships 
between site locations and independent 

variables 

Using corrected Y-intercept and regression 
coefficients, apply logistic regression 

equation to spatial data layers 

FIGURE 6.1 Schematic diagram of the steps involved 
in the logistic regression analysis portion of the 
predictive archaeological model. 
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Obtaining the site sample and the random sample of 

environmental variables 

In order to assign probability values to unknown land 

parcels, the logistic regression must compare two separate 

samples of independent variables. The site sample must 

record the independent variables of each surveyed land 

parcel that contains a Late Archaic Period site. The 

random sample must record the independent variables of a 

randomly selected subset of surveyed land parcels. Using 

the SAMPLE command in ARC/INFO's Grid module, I created six 

databases from the spatial data layers described above. 

One database contains the cell values for the environmental 

characteristics of each surveyed land parcel containing a 

Late Archaic Period site (referred to hereafter as the 

"site sample") and the others contain independent variable 

values for five randomly selected subsets of the surveyed 

land parcels. Each of the random samples (srvyrandA, 

srvyrandB, srvyrandC, srvyrandD, and srvyrandE) includes a 

mutually exclusive 1% sample of the "site absent" surveyed 

land parcels. Although preliminary univariate tests and 

the logistic regression require only one random sample of 

independent variables, I obtained five to test their 

randomness and representativeness of the surveyed area. 
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Using ANOVA in SYSTAT 9.0, I compared the variance within 

and between several of each random sample's independent 

variable values to assess the likelihood that all five 

samples could have been drawn randomly from the same 

population. If the resulting p-values reject the null 

hypothesis, which states that the random samples are drawn 

from the same population, this would indicate that at least 

one of the samples is not random and not representative of 

the survey area population. In each of six ANOVA tests, 

the resulting p-values fail to reject the null hypothesis 

(TABLE 6.1). 

TABLE 6.1 Results of six ANOVA tests between five randomly 
sampled 1% subsets of surveyed land parcels. In each case, 
the results are insignificant at the 95% level. 

INDEPENDENT 
VARIABLES 

ANOVA 
(p-value) 

WATEREUCD 0.97 
WATERPATHD 0.97 

ELEVATION 0.89 
SHELTER 0.55 

SLOPE (DEG) 0.09 
SLOPE (%R) 0.08 

TABLE 6.1 presents ANOVA results that indicate that 

each of the five samples is random and representative of 

the surveyed area. However, note the relatively low p-

values for slope percent-rise and degree of slope. 

Although not statistically significant, these low p-values 
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indicate that at least one sample has larger separations 

between the ranges of slope values recorded by the other 

random samples than any other independent variable tested 

with ANOVA. Because the logistic regression requires only 

one random sample of the surveyed land parcels, I 

jettisoned four of the random samples after conducting this 

analysis of variance test. I retained srvyrandC {referred 

to as the "random sample" henceforth) because its slope 

values plot in the middle of the wide variation exhibited 

by the random samples. 

Independent variable cell values, which were obtained 

by the site sample and the random sample, were merged into 

one database to conduct the univariate and multivariate 

tests described below. The binary field, SITE_TYPE, was 

added to distinguish the site data from the non-site data 

within the new combined database; items containing data 

from site locations (N=50) were assigned "1" and items 

containing data from random locations (N=900) were assigned 

"0" in the appended column. 
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Preliminary univariate tests for differences between random 

and site sample data 

Ideally, the logistic regression analysis exclusively 

uses those independent variables that display non-random 

distributions in the site sample; those environmental 

factors that statistically "determine" known site 

locations. Univariate statistical tests, such as the two 

group t-test, two-sample Kolmogorov-Smirnov (K-S) test, and 

Kruskal-Wallis (K-W) test can be used prior to the logistic 

regression analysis to compare random and site samples of 

independent variables to determine whether non-random 

patterns exist in the latter. Although all three tests 

were run, I rely upon the results of the Kolmogorov-Smirnov 

test because it accommodates the non-normal distribution of 

site sampled independent variable values and possesses 

greater analytical power. The two-sample Kolmogorov-Smirnov 

test tests the likelihood that two independent samples 

could have come from the same population by comparing the 

two samples' cumulative distribution functions. The null 

hypothesis states that the two samples come from the same 

population. In this case, if the results fail to reject 

the null hypothesis, one could argue that site locations 

are randomly distributed across the independent variable 
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tested because they do not differ from the random sample of 

land parcels. TABLE 6.2 presents the results of the two-

sample Kolmogorov-Smirnov tests, Kruskal-Wallis tests, and 

two group t-tests, which compare the site sampled data with 

the randomly sampled data for each independent variable. 

TABLE 6.2 Univariate results of K-S tests, K-W tests, and 
two sample t-tests between site sampled and randomly 
sampled independent variable data from within surveyed 
areas. 

K-S K-W 
INDEPENDENT TEST TEST T-TEST 

VARIABLES (p-value) (p-value) (p-value) 
ELEVATION <0.01 <0.01 0.03 
WATEREUCD <0.01 <0.01 0.01 
WATERPATHD <0.01 0.01 0.01 
RELEFABV <0.01 <0.01 0.04 
RELIEFBLW <0.01 <0.01 0.20 
RELIEFMAX <0.01 <0.01 0.05 
TEXTURE <0.01 <0.01 0.08 
SLOPE(DEG) <0.01 <0.01 0.15 
SLOPE(%R) <0.01 <0.01 0.19 
ASPECT(NS) 0.46 0.10 0.10 
ARABLEPATHD 0.15 0.48 0.45 
SHELTER 0.05 0.13 0.43 
STRMPATHD <0.01 <0.01 <0.01 

Because the K-S test compares cumulative frequency 

distributions, not central tendencies like the other two 

tests presented in TABLE 6.2, it is better suited to deal 

with non-normally distributed data. In almost every case, 

the resulting K-S test p-values reject the null hypothesis 

at the 95% confidence level, suggesting that the site 
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sample and the random sample do not come from the same 

population; site locations are not random in relation to 

the independent variables sampled. The results demonstrate 

that most individual independent variables influenced site 

location to a certain extent. In other words, the 

environmental signatures of the land parcels containing 

Late Archaic Period sites significantly differ from the 

environmental signatures of randomly sampled land parcels. 

These results demonstrate that, with the exception of 

aspect (exposure azimuth) and path distance to arable land, 

all of the independent variables used in this model were 

statistically important factors in the non-random process 

of site location. 

The results of the preliminary univariate tests 

provide modelers with a general sense of how well 

predictive techniques will work for their data. If site 

locations are randomly distributed in relation to the 

independent variables used, a predictive model is futile 

and should not be attempted. However, if site locations 

are nonrandomly distributed across most, if not all, of the 

independent variables, as is the case here, one can expect 

a predictive model to work relatively well and should 

proceed with the logistic regression analysis. 
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Multiple logistic regression 

Multiple logistic regression techniques allow 

researchers to assign probability values of archaeological 

event classifications to "unknown" land parcels based on 

the presence of multiple weighted independent variables 

that demonstrate correlation with land parcels that contain 

sites in "known" areas. Multiple logistic regression is a 

non-parametric technique. In recent years, it has gained 

popularity with archaeological modelers "due to its 

robustness in the face of any distributional type" and 

ability to "appropriately handle nominal, ordinal, and 

interval level independent variables" (Kvamme 1990:275). 

As do the univariate tests described above, the logistic 

regression uses both the site sample and random sample of 

independent variable values. In fact, the multiple 

logistic regression uses the same combined database (see 

above). 

As explained above, univariate tests demonstrate 

whether site locations are non-randomly distributed in 

relation to independent variables, or whether independent 

variables "determine" site locations in a patterned manner. 

The multiple logistic regression goes one step further; it 

provides a measure of how and to what relative extent each 
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independent variable "determines" site location based on 

the log odds of membership in the category of interest, or 

the logit of p: log {p / q) = y (Kachigan 1986) . 

logit o f  p - >  log { p  I  g ) = y  
p = \ /  (  \  +  s o l v e s  f o r  p  u s i n g  y  
_v = a+ fi\xi + .. • + /3ic.tk. solves t'ory using empirically measurable values 

FIGURE 6.2 Multiple logistic regression equations derived 
from the logit of p. 

By means of the series of equations presented in 

FIGURE 6.2, the logistic regression analysis assigns a 

number of sets of numerical values to independent 

variables. These nximerical values represent the nature of 

the variable's relationship with site locations as well as 

the relative strength, or weighted significance, of that 

relationship. The regression coefficient, or 

b-coefficient, allows predictive archaeological models to 

assign probability values to unsurveyed land parcels. 

Negative regression coefficients indicate that site 

locations correspond with low values of the independent 

variable (e.g., lower elevation) and positive regression 

coefficients indicate that site locations correspond with 

high values of the independent variable (e.g., high 

elevation). For example, if site locations are consistently 

located in close proximity to water, the logistic 
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regression analysis will assign the "distance to water" 

variable a negative regression coefficient. The t-ratio of 

each independent variable indicates the strength of that 

variable's association with site locations in relation to 

other variables' correlations with site locations. T-

ratios farther from zero, either negatively or positively, 

indicate stronger relationships. Each associated p-value 

indicates the probability that the corresponding t-ratio 

occurred by chance. Note that the logistic regression 

p-values of each independent variable differ from the 

Kolmogorov-Smirnov test p-values. This phenomenon occurs 

because the logistic regression analysis considers the 

central tendencies of the sampled independent variables and 

the interaction between multiple variables and site 

locations, whereas the two-sample Kolmogorov-Smirnov test 

compares the cumulative frequency distributions between 

sampled locations and does not consider interaction between 

variables. 

Researchers may choose from a number of multiple 

logistic regression procedures. The complete regression 

procedure runs one regression that includes all independent 

variables, regardless of their relative weights or 
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p-values. In contrast, step-wise regression runs a series 

of regressions that progress in incremental steps. At each 

step, another independent variable is removed (in backward 

step-wise) or added (in forward step-wise). Probability 

parameters set by the user determine which variable is 

added or removed. The result of the step-wise procedure is 

a regression that includes fewer independent variables, 

each of which has a relatively low p-value and a stronger 

relationship with the dependent variable. In sum, the 

results of the complete regression include all variables, 

even those that may not have a strong correlation with site 

location in the context of the other variables included, 

while the results of a step-wise regression include only 

those variables that have relatively strong correlations 

with site location in the context of the other variables 

included. 

Researchers employ different regression procedures 

depending on the proposed goals of their analysis. I chose 

to present and discuss the results of the complete 

regression technique using all 13 independent variables for 

two reasons: 1) including all variables does not exclude 

any underlying interactive qualities between multiple 

variables, the presence of which a researcher is completely 
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unaware and 2) it is the most conservative of the logistic 

regression techniques. 

Using the LOGIT operation of SYSTAT 9.0, I ran a 

complete regression on the combined database. Recall that 

within the combined database site sampled and randomly 

sampled independent variable data are from the surveyed 

area only and are coded in binary terms ("1" for site, "0" 

for random). TABLE 6.3 presents the results of the 

complete binary logistic regression on 13 independent 

variables. 

TABLE 6.3 Results of the complete logistic regression 
using 13 independent variables. 

Covariance matrix QML adjusted. 

Log Likelihood: 164.014298 

Pareimeter Estimate S .E. t--ratio P--value 

1 CONSTANT -8.575081 1 .927972 -4 .447722 0 .000009 

2 ELEVGRID 0.004756 0 .001185 4 .014208 0 .000060 

3 ARABLEPATHD -0.000312 0 .000133 -2 .351545 0 .018696 

4 ASPECT(NS) 0.004516 0 .002828 1 .596951 0 .110277 

5 SLOPE(DEG) 5.792696 4 .226904 1 .370435 0 .170551 

6 SLOPE(%R) -3 .273312 2 .404524 -1 .361314 0 .173414 

7 RELIEFABV 0.125105 0 .087422 1 .431039 0 .152419 

8 RELIEFBLW 0 .012101 0 .100001 0 .121011 0 .903682 

9 RELIEFMAX 0.000000 0 .000000 

10 TEXTURE -0.142004 0 .387619 -0 .366351 0 .714104 

11 WATERPATHD -0.011055 0 .020562 -0 .537656 0 .590814 

12 WATEREUCD 0.009331 0 .021454 0 .434923 0 .663618 

13 STRMPATHD -0.000379 0 .000088 -4 .294995 0 .000018 

14 SHELTER 0 .002888 0 .001613 1 .790578 0 .073361 
Log Likelihood of constants only model = LL(0) = = -195 .882448 
2*[LL{N)-LL{0)] = 63.736299 with 13 df Chi-sq p-value = 0.000000 

McFadden's Rho-Squared = 0.162690 

The structure of the logistic regression output is 

worth describing briefly. The first column lists the 
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independent variables included in the regression. The 

second column, labeled "Estimate," lists the regression 

coefficients for each independent variable. The third 

column, labeled "S.E.," provides the standard error of each 

regression coefficient. The third and fourth columns 

present the t-ratios and p-values, respectively. Although 

I discuss particular parts of these results in detail 

below, there is one aspect of the output worthy of 

immediate explanation. Note that the values of the eighth 

parameter, maximum relief, read zeros across the entire 

table. By assigning it a regression coefficient of zero, 

the logistic regression effectively eliminates maximum 

relief from the analysis due to colinearity with other 

relief variables; maximum relief is the sum of relief below 

and relief above. 

Correcting the Y-intercept 

The presence of a fourteenth independent variable in 

the "Parameter" column, when I only included thirteen 

independent variables in the analysis, is another important 

aspect of the logistic regression results. The regression 

coefficient of this additional variable, called the 
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regression constant or Y-intercept, represents the point at 

which the regression line crosses the Y-axis. 

Unfortunately, discrepancies between site sample size and 

random sample size detrimentally affect the accuracy of the 

Y-intercept. Because the Y-intercept constant value is 

used in the equation to produce the sum of weighted 

variables, it must be corrected to better reflect the 

sample sizes used in this analysis. Following Warren 

(1990), I correct the Y-intercept with the equation 

presented in FIGURE 6.3. 

a" = a-¥ In («2/«i) 
Where: 
oi is the corrected Y-intercept, 
oris the uncorrected Y-intercept, 
In is the natural logarithm, 
n\ is the number of items in the smaller sample (the site sample), and 
nj is the number of items in the larger sample (the random sample) 

FIGURE 6.3 The Y-intercept correction equation. 

Following this equation, I calculated the corrected Y-

intercept for this model as follows: 

-8.575081 + In (900 / 50) = - 5.684709. 
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Creating a map of the summed weighted variables with 

logistic regression results 

It is simple to apply the statistical results 

described above to spatial data with the aid of GIS. The 

process involves plugging the regression coefficients, the 

corrected Y-intercept, and raster data layers into the 

multiple logistic regression equation, which FIGURE 6.4 

presents. FIGURE 6.5 further illustrates the multiple 

logistic regression equation in a graphic format. 

V = a' + /3ixi + P2X2 +...+ PkXk 
Where: 
y is the sum of the weighted independent variables, 
a' is the con-ected Y-intercept value, 

is a regression coefficient, 
X is the corresponding spatial data layer, and 
k is the total number of independent variables 

FIGURE 6.4 The multiple logistic regression equation used 
to produce a raster data layer that contains sums of 
weighted variables within its cells. 

As FIGURES 6.4 and 6.5 illustrate, the numerical value 

within each cell of each independent variable data layer is 

multiplied by that independent variable's regression 

coefficient. Conceptually, this multiplication process 

produces a second set of thirteen independent variable data 

layers, the cells of which contain the products of their 
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FIGURE 6.5 Graphic representation of the multiple logistic regression 
equation and L-transform equation. 
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original values multiplied by the regression coefficient. 

Next, all of the weighted variable data layers and the 

corrected y-intercept value are added together. That is, 

for each cell in the study area, its 13 weighted 

independent variable values and the corrected Y-intercept 

value are summed. For example, the weighted variable of 

cell (1,1)'s weighted elevation value is added to its 

weighted shelter value, which is then added to its weighted 

texture value, and so on until each of thirteen weighted 

variables and the corrected Y-intercept value have been 

added together. The summation of each cell is placed in 

the same cell location, but in a new raster data layer. 

The resulting data layer, the summation of the weighted 

variables (y) , therefore, contains cells that have positive 

and negative values that represent the weighted 

environmental characteristic of that land parcel. The 

entire process is operationalized in this simple equation, 

which is applied by ARC/INFO's Grid module: 

Sum of weighted variables grid = -5.684709 + 
(arablepathd * -0.000312) +(waterpathd * -0.011055) + 
(aspectns * 0.004516) + (reliefabv * 0.125105) + 
(reliefblw * 0.012101) + (texture * -0.142004) + 
(shelter * 0.002888) + (slope(deg) * 5.792695) + 
(slope(%R) * -3.273312) + (elevation * 0.004756) + 
(watereucd * 0.009331) + (strmpathd * -0.000379) + 
(reliefmax * 0.000000). 
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Transforming summed weighted variables into probability 

values of archaeological event classifications 

Summed weighted variables are not probability values. 

However, summed weighted variables are necessary to 

calculate the probability values of each cell. Recall that 

the logit of p involved two derived equations (FIGURE 6.2). 

One solves for y, the summed weighted variable, and the 

other solves for p, the probability that the land parcel 

belongs in the "site present" category based on its 

independent variables (biophysical or socio-cultural 

environmental characteristics). The equation, which solves 

for p using y, is referred to as the logistic-transform 

(FIGURE 6.6). 

/; = 1 / (1 + e"') 
Where: 
p is the predicted probability of criterion value of each cell and 
y is the sum of the weighted variables of each cell 

FIGURE 6.6 Equation used to logistically transform summed 
weighted variable values into probability values of 
archaeological event classifications. 

The logistic-transform re-scales the summed weighted 

variable value of each cell to a probability score between 

zero and one and places that probability score in the same 

cell location of a new raster data layer. The output of 

the logistic-transform is a probability map data layer. 
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which contains in each of its cells a probability score 

that can be used to identify land parcels that have high 

and low probabilities of containing Late Archaic Period 

sites. The next section of this chapter presents this 

model's probability map and discusses it further. 

RESULTS 

As mentioned above, cells of the probability map 

contain values, called probability scores, which are scaled 

between zero and one. As their name implies, one should 

treat these values probabilistically. In a general sense, 

probability scores predict that sites are present in land 

parcels if they are greater than or equal to 0.5. 

Conversely, probability scores predict that sites are 

absent from land parcels if they are less than 0.5. Any 

land parcel that contains a high probability score has many 

of the independent variable characteristics that influence 

lcno\,\m. site locations in surveyed areas and, therefore, has 

a higher probability of containing a Late Archaic Period 

site. Conversely, any land parcel that contains a low 

probability score has few of the independent variable 

characteristics that influence known site locations in 
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surveyed areas and, therefore, has a lower probability of 

containing a Late Archaic Period site. 

FIGURE 6.7 presents the final predictive probability 

map for Late Archaic Period sites in the Tucson Basin. 

Cells with high probability values are represented by 

darker shades of gray and cells with low probability values 

are represented by lighter shades of gray. Note that I 

removed some of the high elevation regions in the 

northeastern corner of the study area from the final 

probability model because I felt that they were not 

adequately represented by the surveyed data used to develop 

the final output. 

Many correlations between the logistic regression 

results and the spatial model are observable to the naked 

eye. For example, it is possible to observe the effects 

that the two most influential independent variables have on 

the distribution of high probability scores. The t-ratios 

of TABLE 6.3 indicate that path distance to large streams 

(t-ratio = -4.294995) and elevation (t-ratio = 4.014208) 

most strongly influence site location. 

Elevation's positive regression coefficient indicates 

that the predictive model favors elevation values that are 

higher than average. By comparing the study area's DEM 
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FIGURE 6.7 The probability map. 
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(FIGURE 5.1) with the probability map (FIGURE 6.7), it 

becomes apparent that the highest probability scores are 

located in cells that have higher than average elevations. 

Most of the land parcels with very high probability scores 

(values greater than or equal to 0.8) are located in the 

upper bajada, or foothills, regions of the Tucson, 

Tortoiita, Santa Catalina, and Rincon mountains. Land 

parcels with high probability scores that are not located 

on the upper bajada are concentrated in the southeastern 

and south central portions of the study area, which also 

have higher elevations than average. Late Archaic Period 

site elevations in the Tucson Basin are bimodal, and, 

therefore, do not readily lend themselves to the multiple 

logistic regression analysis. Because a greater number of 

known sites exist in the upper bajada than in the 

floodplains, the importance of the former environmental 

zone's elevation range to site present land parcels is 

stressed while the latter's is diminished by the multiple 

logistic regression. It is for this reason that the 

majority of very high probability scores are concentrated 

in the upper bajada and lower mountain environmental zones 

in close proximity to drainages and large streams. It is 

also for this reason that it is necessary to explicitly 



120 

state that this particular predictive archaeological model 

is more oriented toward upland Late Archaic Period site 

locations than to floodplain locations. In other words, 

this probability map predicts upland site locations more 

accurately than it predicts floodplain site locations-a 

problem with which I must deal in subsequent versions of 

the predictive model. 

The regression coefficient assigned to path distance 

to reliable water is negative, which indicates that the 

predictive model favors short path distances to large 

streams present during the Late Archaic Period. By 

comparing the path distance to reliable water data layer 

(FIGURE 5.12) to the probability map (FIGURE 6.7) one can 

see how probability scores greater than or equal to 0.5 

correlate v/ith close proximity to large streams. Although 

it is not one of the two most influential independent 

variables according to the t-scores of the regression, path 

distance to arable land (FIGURE 5.13) also has an important 

relationship with the distribution of high probability 

values, which is apparent in the probability map. Since 

potential water sources were also located within many of 

these landforms, the correlation is not attributable only 
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to proximity to farmable soils and may not be attributable 

to that factor at all. 

Although a visual inspection of the probability map 

elucidates some of the principle trends in the multiple 

logistic regression results, rigorous quantitative methods 

must be employed to test the model's effectiveness and 

assess its predictive utility. 

MODEL ASSESSMENT 

Methods of model assessment are as numerous and varied 

as the techniques used in model development. In this 

section of the chapter, I employ a number of quantitative 

methods designed to measure the model's improvement over 

base rate probabilities, compare the distributions of site 

and random probability scores, assess the model's 

predictive effectiveness in the unsurveyed areas, and 

enumerate the model's predictive utility. For each method, 

I explain the conceptual assumptions made, the subset of 

the data used, and the resulting assessment of this model. 
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Assessing the model's predictive improvement over a priori 

base-rate probabilities 

Kvamme (1990) explains how one might use a priori 

probabilities to quickly assess the utility of a predictive 

archaeological model. A priori, or base rate, 

probabilities simply refer to the probabilities of 

occurrence associated with each archaeological event prior 

to any modeling procedures (Kvaitime 1990) . It best to 

conceptualize a priori probabilities as "pure chance" 

probabilities because they indicate the probability that 

one would pick a cell in which the event class of interest 

is true at random (Kvamme 1990:260). In order to be 

successful, a predictive archaeological model's probability 

rate, referred to here as the predictive rate probability, 

must be higher than the a priori, or base rate, 

probability. The base rate probability for each 

archaeological event is calculated by dividing the number 

of cells in which that classification is true by the total 

number of cells in the area under study. Because known 

Late Archaic Period sites are present in only 50 of the 

surveyed area's 1,022,079 cells, the a priori probability 

of correctly choosing a "site present" cell at random from 

this area equals 0.00004. The predictive rate probability 
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must surpass 0.00004 in order for the model to be 

considered relatively successful and useful. Correctly 

identified "site present" cells are land parcels in which 

known sites exist and the predictive model placed a 

probability score greater than or equal to 0.5. To 

calculate the predictive rate probability, the number of 

correctly identified "site present" cells {in this case, 

41) is divided by the total number of surveyed cells to 

which the regression assigned a probability score greater 

than or equal to 0.5 (in this case, 289,358). The 

predictive rate probability equals 0.0001, which is 2.5 

times greater than the a priori probability for the same 

area. This simple analysis indicates that by using the 

probability map produced by the logistic regression 

procedure explained above, one increases one's chance of 

choosing a "site present" land parcel at random by two 

hundred and fifty percent. Kvamme warns that although this 

comparison of base rate probabilities and predictive rate 

probabilities indicates "the overall likelihood of each 

archaeological event in an entire region of study, [it] 

tell[s] us nothing about where archaeological sites, 

materials, or other evidence might be found" (Kvamme 

1990:261). Kvamme also discusses the difficulties 
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associated with certain performance characteristics of 

predictive models that have very low a priori 

probabilities—a group in which the present model definitely 

is a member (Kvamme 1990:267). 

Assessing the distributions of site sample and random 

sample probability scores 

Recall that Kolmogorov-Smirnov test results indicate 

that Late Archaic Period site locations were non-randomly 

distributed in relation to most of the independent 

variables used in this analysis. A comparison of the 

distributions of site present probability scores and 

randomly selected probability scores from the surveyed area 

can be used to determine whether the probability map 

supports these univariate findings. If sites were located 

randomly—that is, located independently of the 

environmental signature of each locale—the probability 

score distributions of both samples will approximate a 

normal curve. However, if some, or all, of the 

environmental characteristics used in the model influenced 

site locations, the distribution of site sampled 

probability scores will be skewed to the right—toward 
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higher probability scores. FIGURE 6.8 presents the 

histograms of this model's randomly and site sampled 

probability scores. The distribution of the randomly 

sampled probability scores is skewed to the left, while the 

distribution of site present probability scores is skewed 

to the right—reinforcing the ANOVA results. Eighty-two 

percent of the known site present land parcels were 

assigned probability scores greater than or equal to 0.5. 

The separation apparent between the site and random 

distributions supports the argument that site locations 

were nonrandomly distributed across the environmental 

variables used in this model and reinforces the concept 

that the logistic regression used these non-random 

relationships to the benefit of the predictive model. 

FIGURE 6.8 can also be used as a sliding scale between 

area and percentage of sites located. Using the 

probability score distributions, one can calculate the 

percentage of the area that must be investigated in order 

to meet certain research objectives. For example, if the 

objective of an hypothetical contract survey project 

involves finding and recording eighty percent of the Late 



Randomly and Site Sampled 
Probability Score Distributions 

• Random Locations (899) 

Site Present Locations (50) 

O 0.15 

0.1 0.2 0.3 0.4 0.5 0.6 0.7 

Probability Score 

0.8 0.9 

FIGURE 6.8 Distributions of probability scores for randomly and 
site sampled sets of land parcels. 



127 

Archaic Period sites in the area, one can concentrate one's 

efforts in the land parcels assigned values of at least 0.5 

and expect to find eighty-two percent of the sites in the 

area. In the case that the objective is raised to finding 

and recording ninety percent of Late Archaic Period sties 

in the region, one could avoid "wasting" one's efforts in 

those land parcels assigned probability scores less than 

0.3 and still expect to find ninety-two percent of the 

sites in the region. The probabilistic nature of the data 

allows cultural resource managers and project directors to 

make decisions such as these using the distributions of the 

site sampled and randomly sampled probability scores. 

These decisions can save time and money by directing survey 

efforts away from land parcels that contain very low 

probability scores and toward those that contain higher 

probability scores. 
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Assessing the model's predictive ability in the "unknown" 

The two previous assessment techniques make use of 

surveyed data only and do not consider how the model 

affects archaeological event probability scores of 

unsurveyed land parcels—the parcels for which the model is 

actually projecting site presence and absence. Recall that 

the updated database of Late Archaic Period sites in the 

Tucson Basin contains 63 Late Archaic Period sites, 13 of 

which are known to exist in land parcels that have not been 

surveyed and were not used in the development of the 

probability model. This important group of known "site 

present" unsurveyed land parcels provides the opportunity 

to assess the model's predictive effectiveness in 

unsurveyed portions of the study area without conducting 

expensive and time-consuming "ground-truthing" surveys 

(although such surveys are still strongly recommended to 

thoroughly assess any predictive model). 

The Kolmogorov-Smirnov test, Kruskal-Wallis test, and 

two group t-test were used to compare randomly sampled non-

site unsurveyed land parcels' probability scores (N = 1986) 

with those of site sampled unsurveyed land parcels' 

probability scores (N = 13). The statistically significant 

p-scores of each of the three tests (p < 0.01) provide 
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evidence that the unsurveyed randomly sampled and 

unsurveyed site sampled data do not come from the same 

population. Furthermore, when one takes a closer look at 

the data, one finds that the mean of the site present 

unsurveyed land parcel probability scores (x = 0.60) is 

much higher than the mean of randomly sampled unsurveyed 

land parcels (x = 0.34). In other words, this predictive 

archaeological model successfully applies relationships 

between site locations, non-site locations, and 

environmental signatures in surveyed areas to the 

probability scores of "known" site locations in "unknown" 

land parcels. If the logistic regression were to assign 

similar probability scores to known site locations in 

unsurveyed land parcels and to a randomly sampled set of 

unsurveyed land parcels, it would be difficult to assess 

whether the model was effectively predicting for unsurveyed 

portions of the study area without conducting systematic 

surveys of unknown land parcels. Although they supply only 

a rough idea of the model's performance in this regard, 

these univariate cests provide a measure of the true 

predictive effectiveness of the predictive archaeological 

model using extant unsurveyed data, in the form of "known" 

sites in "unknown" land parcels. 
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Assessing the model's predictive utility with the gain 

value 

Many techniques of predictive archaeological modeling 

exist; they are almost as numerous as the 

research/management problems to which they are applied. 

Kvanune (1988) recognizes that the variability present in 

predictive modeling disallows meaningful cross-discipline 

comparisons of models' utilities, or gain over random. The 

gain statistic provides a method to compare the utility of 

all predictive archaeological models, regardless of the 

techniques used in their construction. It also provides a 

more accurate assessment statistic than percent correct 

prediction statistics or overall percent correct 

statistics, which commonly lead to grievous 

misinterpretations (Kvamme 1988). 

Utility and gain are relative terms. Any predictive 

archaeological model will correctly predict only a 

percentage of the total known site present land parcels 

within a percentage of the total land parcels that contain 

probability scores greater than or equal to 0.5. 

Predictive models have more utility (display more gain over 

random) if they correctly predict a large percentage of 

known sites in a small percentage of the total area. 
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FIGURE 6.9 presents the equation used to calculate gain 

values. 

Gain value = 1 - (% of total area by model area / % of total sites within model area) 

Where: 
% of total area by model area = number of cells assigned a probability score greater than 
or equal to 0.5 divided by the total number of cells in surveyed area, and 

% of total sites within model area = number of sites located in land parcels to which the 
model assigned a probability score greater than or equal to 0.5 divided by the total 
number of sites in the surveyed area 

FIGURE 6.9 The gain value equation. 

The gain statistic is an index that ranges from 

negative one to positive one (although negative gain values 

are rarely encountered). A gain value of zero indicates 

that the model gains nothing over the random model of site 

distribution; it has no utility to practical 

management/research applications. However, gain values 

nearing positive one possess increasing utility; they do 

show gains over random models. To illustrate the gain 

concept further, consider this scenario. Two predictive 

archaeological models (Model A and Model B) are created for 

the same geographic region and archaeological event 

classifications using different techniques. Model A 

correctly predicts ninety percent of known site present 

land parcels in ten percent of the surveyed area. 
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Conversely, Model B correctly predicts only ten percent of 

known site present land parcels in ninety percent of the 

total surveyed area. According to the equations presented 

above. Model A has an unusually high gain value (gain = 

0.89) while Model B's gain value is much lower (gain = 

0.11). Given this information, a cultural resource manager 

concerned with caring for as many sites as possible with 

limited resources would choose Model A because it possesses 

higher utility than Model B; it identifies a larger number 

of known sites in a smaller portion of the total surveyed 

area. In this way, modelers and managers can use the gain 

statistic to compare and analyze predictive models 

constructed with different techniques and choose those that 

possess the most utility. 

The gain value of the present predictive 

archaeological model is modestly high (gain = 0.65). It 

correctly predicts exactly eighty-two percent of the known 

sites in an area that is just over twenty-eight percent of 

the total surveyed region. Being the first of its kind for 

this region and archaeological period, the gain statistic 

of this predictive model means little more than that the 

model has positive utility and shows significant gain over 

random. However, this gain value sets a bar by which 
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future predictive models of the same area and period must 

be compared and evaluated. 

Discussing Type I and Type II errors 

It is useful to discuss which types of error (Type I 

or Type 2) this model is more likely to make. Because this 

model possesses utility for cultural resource managers and 

professional contract archaeologists, the following 

discussion deals mainly with their concerns. In the case 

of predictive models, Type I errors occur when the model 

predicts that a land parcel does not contain a Late Archaic 

Period site when in reality it does. Conversely, a Type II 

error occurs when the model predicts that a land parcel 

contains a Late Archaic Period site when in reality it does 

not. The worst result of a Type I error is that one spends 

no time, money, and labor investigating a land parcel that 

contains a Late Archaic Period site in reality. The worst 

result of a Type II error is that one spends some time, 

money, and labor surveying an area that does not contain a 

Late Archaic Period site. Obviously, from cultural 

resource managers' and professional contract 

archaeologists' points of view, a predictive model that 

minimizes the number of Type I errors it makes is more 
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useful and reliable, for it is much worse to misidentify an 

actual "site present" land parcel as "site absent" than 

vice versa. 

From the beginning, it was my goal to formulate this 

model as conservatively as possible, to minimize Type I 

errors even if at the expense of increasing Type II errors, 

and to correctly predict as many known sites as possible. 

In working toward this goal, I chose to use distance 

measures to potential water sources, to present the 

complete logistic regression of all thirteen variables, and 

to delete the areas of the probability map that I felt were 

grossly underrepresented by surveyed data. 

Finally, I must again stress that the results of this 

model are probabilistic and should be treated as such at 

all times—Late Archaic Period sites exist in land parcels 

with low probabilities (less than 0.5) just as many, many 

land parcels with high probability scores (greater than or 

equal to 0.5) do not contain Late Archaic Period sites. 

Prehistorians who keep the probabilistic nature of these 

results in mind when using this model as a guide to 

locating Late Archaic Period remains in the Tucson Basin 

will avoid repeating the same Type I errors that the model 

inevitably makes. 
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CHAPTER VII. 
INTERPRETATION AND CONCLUSIONS 

Like most archaeological studies, this one begins with 

a statement of the research problems and objectives. Next, 

it introduces the study period, the Late Archaic Period, 

and the study area, the Tucson Basin. A general discussion 

of the theoretical fundamentals of the methodology used to 

answer the research questions, which in this case involves 

predictive archaeological modeling using CIS, follows. 

Next, it presents detailed descriptions of the spatial data 

layers used in the predictive model. Finally, the modeling 

process, results, and methods of assessment are described 

and discussed in detail. 

Spatial data was gathered, statistical tests were run, 

and a predictive archaeological model was developed—all for 

the sake of learning more about two research questions: 1) 

which environmental factors influenced Late Archaic Period 

site locations; and 2) given these relationships between 

Late Archaic Period sites and environmental characteristics 

in surveyed areas, where are archaeologists likely to find 

Late Archaic Period sites in unsurveyed areas? I am now 

prepared to provide my (not the) answers to these two 

interesting questions. Keep in mind that the first 
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question refers to past land use behavior—which 

environmental factors influenced past human decisions 

concerning site placement—and the second question refers to 

future archaeological behavior—where are archaeologists 

likely to uncover additional Late Archaic Period remains 

during future archaeological fieldwork. 

Environmental influences on Late Archaic Period settlement 

behavior in the Tucson Basin 

If an environmental factor has no influence upon 

settlement location, then settlements will be dispersed 

randomly across the entire range of that environmental 

factor's variation (i.e., settlements will be located at 

low, moderate, and high elevations). However, if an 

environmental factor does influence human settlement 

behaviors, then settlements will be dispersed non-randomly 

across the entire range of that environmental factor's 

variation, favoring one or more, but not all, gradations of 

the variable (i.e., settlements will be located mostly near 

water sources and not far from water sources). Although it 

may seem limited to most, the database of 63 Late Archaic 

Period sites and a number of spatial data layers, which 

represent various environmental characteristics of the 
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Tucson Basin, allow one to answer the first research 

question. 

Using a GIS, it is possible to extract environmental 

values from each land parcel that contains one of the 63 

Late Archaic Period sites. It is also possible to extract 

the same environmental variables from a randomly selected 

set of land parcels that are located in the same surveyed 

area (see above). One can test to see if Late Archaic 

Period site locations are nonrandomly distributed by 

comparing their cumulative frequency distributions with 

those of the randomly selected locations for each 

environmental variable. This process was done in the early 

steps of the predictive modeling process (see chapter 6), 

but its results were not discussed in this manner. Recall 

that for each environmental variable, the set of values 

extracted from site locations were compared to the set of 

values extracted from random land parcels via the 

Kolmogorov-Smirnov test. The results (TABLE 6.2) show that 

Late Archaic Period sites are non-randomly distributed 

across all but two of the environmental variables tested. 

In other words, based on the site location data currently 

available, it seems that there were a number of 

environmental variables that influenced human settlement 
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behavior including: elevation, distance to potential water, 

slope, relief, texture, shelter, and path distance to 

reliable water. Note that sites are randomly distributed 

in relation to aspect and path distance to arable land 

according to K-S test results. Also note that this list of 

influential environmental factors is not exhaustive; many-

others may exist that were not tested in this project. 

However, these univariate results do not provide 

information concerning which characteristics were the most 

significant influences upon Late Archaic Period land use 

behavior. Therefore, one must consider theoretical 

assumptions about Late Archaic Period settlement patterns 

and the results of the logistic regression in order to 

discuss which environmental factors influenced Late Archaic 

Period behavior. 

TABLE 6.3 {see above) presents the results of the 

multiple logistic regression analysis used to develop this 

predictive model. In this discussion of environmental 

influences on past human behavior I concentrate only on the 

last two columns of the output presented in TABLE 6.3, 

t-ratios and p-values. Recall that t-ratios indicate the 

relative strength of a variable's association with site 

locations compared to other variables' correlations with 
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site locations, and p-values indicate the probability that 

the corresponding t-ratio occurred by chance. Based on the 

p-values of the logistic regression, only three of the 

thirteen environmental variables showed statistically 

significant relationships with known Late Archaic Period 

site locations: ELEVATION (p < 0.01), STRMPATHD (p < 0.01), 

and ARABLEPATHD (p=0.02). These three variables are 

discussed further in terms of how they may have influenced 

Late Archaic Period behavior. 

According to the patterns evident in the current 

database. Late Archaic Period site elevations are bimodal; 

they are clustered around low elevations on Holocene 

floodplains and around higher elevations on upper bajada 

bedrock outcrops and canyon mouth alluvial fans {Premo and 

Mabry 2001). Although the t-ratio for ELEVATION may be 

misleading for reasons discussed above, the statistically 

significant p-value cannot be dismissed for the same 

reasons. The fact that ELEVATION'S p-value indicates that 

elevation had a significant influence on known Late Archaic 

Period site locations reinforces the importance of the 

influence that vertical zonation had on resource 

distribution in the Tucson Basin, which, in turn, 

influenced hunter-gatherer and farmer-forager settlement-
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subsistence systems. According to the most recent round of 

research on Late Archaic Period settlement patterns in the 

Tucson Basin (Premo and Mabry 2001), it seems that the low 

elevation floodplain zone provided a larger suite of 

resources needed to support less residentially mobile 

groups living at residential sites, while the higher 

elevation upper bajada zone provided plant, animal, and raw 

material resources that were best utilized by short-term 

activities and logistical sites (Binford 1980) . 

Given this pattern in site elevation, the alternative 

explanation cannot be discounted fully. The modality of 

site elevations may be a function of a dualistic settlement 

pattern in which one group of farmers lived completely 

within the low elevation zone and a separate group of 

residentially shifting farmers or hunter-gatherers lived 

entirely within the upper bajada elevation zone (Fish et 

al. 1990, 1992). However, the artifact and feature 

diversities of upper bajada sites indicate that a small 

range of specialized activities took place at sites in that 

zone (Premo and Mabry 2001). The range of activities 

indicated by Late Archaic Period upper bajada site 

assemblages seems too narrow to be indicative of either 

farmer or hunter-gatherer residential sites. Instead it 
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seems more likely these specialized activities indicate the 

logistical use of upper bajada resources by floodplain 

farmer-foragers—a settlement-subsistence behavior directly 

influenced by elevational resource distributions. 

Given the importance of water in the Sonoran Desert, 

it is not surprising that path distance to reliable water 

(large streams) was also a statistically significant 

influential environmental variable. As one would expect, 

the strongly negative t-ratio supports the common knowledge 

assumption that Late Archaic Period sites were located 

relatively close to large streams and large tributaries in 

the Tucson Basin. This environmental influence requires 

much less behavioral contextualization, because it is not 

hard to imagine the intense demand that human activities, 

such as growing small plots of maize and processing food, 

would place on locating one's residence near an accessible 

and reliable source of water. It is interesting to note 

that upper bajada sites, which are characterized by lower 

artifact and feature diversities than floodplain sites, are 

also located farther away from the critical resource of 

reliable water (Premo and Mabry 2001). This further 

supports the argument that they were probably used 
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logistically for short periods of time and not 

residentially. 

The third and final statistically significant 

influential environmental variable, path distance to arable 

land, is somewhat of a surprise and brings up some 

interesting questions. I mention above that the arable 

land data layer might be autocorrelated with distance to 

reliable water because many (although not all) arable land 

patches contain large streams. If this is not the case and 

Late Archaic Period sites actually were located on or near 

land because it was arable (like STRMPATHD's t-ratio, 

ARABLEPATHD's t-ratio is negative), the results suggest 

that arable landforms themselves were very important to 

site location. Finding out whether arable landforms were 

important because they provided relatively rich gathering 

and hunting grounds or because they allowed the cultivation 

of domesticates requires additional and more directed 

research. However, discovering the reasons why locations 

of then-active stream terraces and alluvial fans 

significantly influenced Late Archaic Period site locations 

could possibly shed light on issues concerning the level of 

intensity to which domesticated plants were being utilized 

during this period. 



143 

The probability map and geomorphic landform data: A recipe 

for future Late Archaic Period finds 

Tucson's urban sprawl continues to do just that, and 

at an alarming or impressive rate, depending on your 

personal bias. As more of the Tucson Basin is impacted by 

modern development, so too are the cultural resources it 

contains. Although the predictive model presented in this 

thesis does not mark each unknown Late Archaic Period site 

location with an "X," it does alert cultural resource 

managers and professional contract archaeologists to the 

areas that may be especially sensitive to development due 

to their likelihood of containing Late Archaic Period 

remains. These sensitive areas are composed of land 

parcels that contain probability scores greater than or 

equal to 0.5. 

The probability map demarcates the areas that possess 

higher than normal probabilities of possessing Late Archaic 

Period sites in the two dimensional realm; it does not take 

into account the third dimension of these archaeological 

sites—the depth at which they are buried—or the 

postdepositional processes that may be responsible for 

redepositing Late Archaic Period sites down-slope. Thus, 

it is important to keep in mind that in many cases the 
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probability map indicates where Late Archaic Period sites 

might have existed in the systemic context, not where 

archaeologists will find them in the archaeological 

context. For example, erosional processes may have 

redeposited upland Late Archaic Period remains elsewhere, 

while it is obvious that depositional processes have buried 

Late Archaic Period remains in the Holocene floodplains, as 

recent excavations have proven (Gregory 1999, 2001; Mabry 

1998a; Mabry et al. 1997). 

As mentioned in a previous chapter, informative 

geomorphic landform maps, which are the products of two 

Arizona Geological Survey open-file reports (McKittrick 

1988; Jackson 1989), were digitized and merged into one 

raster data layer. This digital map contains data that 

represents a variety of landforms, such as active stream 

channels, recently abandoned stream channels, recently 

abandoned alluvial fans, Holocene stream terraces. 

Pleistocene stream terraces, Pleistocene alluvial fans. 

Tertiary deposits, and bedrock outcrops. I suggest that 

this landform data be used in conjunction with the 

probability map to further inform the interested researcher 

as to the probable whereabouts of Late Archaic Period 

sites. For instance, only with the aid of the landform 
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data will archaeologists know in which high probability 

areas they should expect Late Archaic Period remains to be 

buried by alluvium that postdates the Late Archaic Period 

or in which high probability areas they should expect Late 

Archaic Period remains to be at or near the modern ground 

surface. In other words, archaeologists can use the 

landform data to take into account postdepositional 

geologic processes that may have affected the current 

location and visibility of Late Archaic Period remains. To 

exemplify the power of this tandem, I present FIGURE 7.1. 

FIGURE 7.1 presents the intersection of two data layers; it 

shows only the land parcels to which the probability map 

assigned values greater than or equal to 0.5 and, according 

to the geomorphic landform map, are buried below alluvium 

that was deposited after the Late Archaic Period. 

Therefore, this map clearly illustrates not only the two 

dimensional coordinates of land parcels in which Late 

Archaic Period sites most likely existed when they were 

occupied but, also, provides three dimensional locations of 

where they might be found today (that is, 1-3 meters below 

the ground surface represented by the probability map). 

FIGURE 7.1 is merely an example for buried remains; the 
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FIGURE 7.1 High probability land parcels (probability 
score > 0.5) that are buried by alluvium that post-dates the 
Late Archaic Period. 
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same process can be used to highlight areas where Late 

Archaic Period remains should be located on the surface or 

where they might have been completely eroded away and 

redeposited down-slope. Although a better understanding of 

the nature of the geomorphic landforms must be gained 

before its full potential is realized, this tandem may be 

an invaluable tool for future contract work and resource 

management practices concerning Late Archaic Period 

cultural resources in the Tucson Basin. 

Conclusions 

In this, the final section of the final chapter, I 

briefly discuss the highlights and lowlights of the 

predictive archaeological model of Late Archaic Period site 

locations in the Tucson Basin as well as suggest future 

research directions that may be pursued to improve its 

accuracy and utility. 

The best quality of this version of the predictive 

model is how well it predicts the locations of known Late 

Archaic Period sites in higher elevations—those located in 

the upper bajada environmental zone. I feel that this 

particular model's real utility lies in aiding the 

discovery of additional upper bajada Late Archaic Period 
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sites along the northwest face of the Santa Catalina 

mountains and in the bajadas surrounding the Tucson 

mountains. Although these two areas currently possess 

relatively few known Late Archaic Period sites, the 

probability map assigns them a large number of very high 

probability scores. 

Unfortunately, accuracy in predicting known site 

locations in the upper bajada is gained at the expense of 

accurately predicting known locations along the floodplains 

in lower elevations. The biggest problem with this 

predictive model lies in its inability to accurately 

predict both upper and lower elevation site locations 

simultaneously. The multiple logistic regression is not 

properly equipped to deal with the non-normal, bi-modal 

nature of Late Archaic Period site elevation data, so it 

concentrates on the strongest mode only, which is the upper 

bajada elevational range in this case. Given these 

difficulties, one should not consider this model a strong 

predictor of floodplain Late Archaic Period site locations 

in the northwestern section of the study area, which 

possesses the lowest elevations in the region, until these 

methodological problems with site elevations are solved by 

transforming, splitting, or excluding the problematic data. 



149 

As usual, the future research directions one may take 

in this particular predictive modeling endeavor are 

numerous. With additional time to conduct the analysis 

comes the always-welcomed chance to add more independent 

variables, such as soil type data and vegetation type data. 

It would also be interesting to include some cultural 

independent variables in this exercise, if they are 

legitimate and not capricious. Of course, subsequent 

predictive models of Late Archaic Period site locations in 

the Tucson Basin would benefit from adding more known site 

locations as they become available. Additional information 

concerning geomorphic landform chronology, depths, and 

boundaries will aid in locating buried Late Archaic Period 

site locations. Finally, before it can be applied to any 

local governmental management plan, it is necessary to 

field test this model, or a subsequent version, by 

systematically surveying as of yet unsurveyed areas. 

In s\am, this predictive archaeological model of Late 

Archaic Period site locations in the Tucson Basin shows 

tremendous promise and significant utility. Cushman's 

(2000) cultural resource "sensitivity model" is proof that 

local governments are beginning to use predictive 

archaeological models to aid decisions concerning serious 
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cultural resource and land management issues. By modeling 

cultural resources in ways such as I have done here for 

Late Archaic Period sites in the Tucson Basin, 

archaeologists may be able to conserve or, at the very 

least, mitigate important cultural remains in the 

inevitable face of urban development. 
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