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Abstract

Only aminority of participantsin behaviord welght management lose weight significantly. The ability to
predict who islikdy to benefit from weight management can improve the efficiency of obesity treatment.
Identifying predictors of weight loss can dso reved potential ways to improve existing trestments. We
propose a neuro-psychological model is focused on recency: the reliance on recent information at
the expense of time-distant information. Forty-four wei ght-management patients completed a
decision-making task and their recency level was estimated by a mathematical model. Impulsivity
and risk-taking were also measured for comparison. Weight loss was measured in the end of the 16-
week intervention. Consistent with our hypothesis, successful dieters had lower recency scores than
unsuccessful ones (p=0.006). Successful and unsuccessful dieters were smilar in their demographics,
intelligence, risk taking, impulsivity, and delay of gratification. We conclude that dieters who process
time-distant information in their decison making are more likdly to lose weight than those who are high in
recency. We argue that having low recency facilitates future-oriented thinking, and thereby
contributes to behavior change treatment adherence. Our findings underline the importance of choosing
the right treatment for every individua, and outline away to improve we ght-management processes for

more patients.
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I ntroduction

Obesity and its adverse effects on health are becoming increasingly prevaent in the United States as well
asworldwide [1]. Behaviord interventions in weight management, i.e., programsthat target energy
balance-rel ated behaviors (edting habits and physica activity) to promote weight loss, are very limitedin
their success. An extensve meta-andysis concludes that the mean weight loss following six months of
intervention only ranges from 5% to 9% [2]. While hedth professonds agree that even amodest loss of 5
to 10 percent of one’s weight is beneficial [e.g., 3-5], most accounts of weight-loss programs’
effectiveness show that the mgority of participants do not even achievethisgod [e.g., 6-7]. Thefew
interventionsthat have higher success recordstypicdly includeintensive lifestyle change and/or med
replacement [e.g., 4- 5, 8-9]. In other words, higher costs are involved in achieving stronger effects. More
importantly, it isevident that no intervention resultsin sgnificant weight lossfor dl participants[10].

The ahility to predict who islikely to benefit from weight management can greetly improve the
efficiency of obesity treatment [11-13]. It will enable patients and hedth professondsto makeinformed
choices between avail able treatment types, and to recommend behavioral intervention to those most likely
to benefit from it (for example, instead of or before turning to bariatric surgery). Thiswill help savetime
and resources and reduce patients’ distress. Moreover, identifying predictors of successful weight
management can shed light on what hindersit for some patients, and potentialy lead to developing
solutionsthat will fit their needs aswell.

Many studies of weight management outcomes report some correlates of successful weight loss.
Y et these correlates are often routinely recorded variables such as gender [e.g., 14], initid weight [e.g.,
15], or previousdieting [e.g., 16]. Psychologicd congtructs, which suggest potentia explanations of
wel ght-loss success, have been studied as well. Among these are emotiona eating [17] or eating in

response to externa cues[18], eating-related cognitive restraint [19], perceived hunger [16], body image



25

30

35

40

45

[18], self-esteem [17], locus of control [20], socid support [21], and sdf-motivation or generd efficacy
[16, 20, 22]. However, acomprehensive review concludes that the evidence is mixed with respect to most
of these congtructs except for the latter [11].

Contemporary neuropsychologica theories argue that obesity involves dysfunctiona dynamics
between reward-seeking drives, on one hand, and failing inhibitory control, on the other [23-24]. These
theories hold that excessive consumption of food tends to be associated with a decis on-making setback, in
which immediate gratification supersedes |ong-term considerations regarding hedth risks. In light of
findings from brain studies, we previoudy argued [25-26, 31] that (A) immediate, certain, or tangible
outcomes in the prefrontal cortex istriggered directly by brain structures that represent reward-driven
motivation and affect, while (B) the processing of information about delayed, uncertain or intangible
outcomes involvesindirect and polysynaptic neurd connections. This difference impliesthat the
processing of time-distant outcomes (such as disease diagnosis) is more effortful than the processing of
immediate outcomes (such as the pleasure of eating), which might lead to atendency to make decisons
based mostly on immediate consderations. Thisis manifested in poor inhibitory control, which is often
found to be higher in obese individudsthan in their norma-we ght counterparts[27-29, 38]. These
findings suggest that obesity is generdly associated with atendency to base decisons onimmediae
congderations, but they do not necessarily imply a connection between this tendency and the odds of
wel ght-loss success within the obese popul ation. 1t seems plausible that reliance on immediate
considerations will hinder weight-loss endeavors, and if it does, it can be auseful predictor of weight-
management sUccess.

However, unlike differences between obese patients and lean controls, cognitive differences within the
obese population are more subtle and harder to detect. For example, common measures of impulsivity,

delay discounting, cognitive function, or decision making impairments can differentiate between obese
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and non-obese subjects [27-28, 30, 32, 38], but because obese individuals tend to obtain similar
scores in them, these measures are often not sensitive to individual differences within the obese
population [17, 33]. It follows that a novel measure is required in order to predict successin weight-
management interventions that target this population.

In the present study we chose to estimate reliance on immediate considerations by the
Expectancy-Vaence model (EV; [34]), aquantitative model that analyzes behavior in complex
decision-making tasks. The EV Model is designed to capture individual differencesin decision
making and is known to differentiate well between subpopulations with decision-making deficits
that are otherwise indistinguishable from one another [35-36]. Moreover, past research has linked
the EV Model’s recency component (see below) to activation in the anterior prefrontal cortex, a
region associated with effortful information processing and inhibitory control [25, 31].

The EV model specifies three underlying components of decision making: (1) a motivational
component indicating the subjective weight the decision-maker assignsto gains versus losses; (2) a
recency component indicating the extent to which one’s decisions are affected by new information
at the expense of taking all potential outcomes into account, and; (3) a probabilistic component
indicating consistency. Based on an analysis of choice behavior during a decision-making task
(typically the lowa Gambling Task; [37]), the model estimates three individual parameters
corresponding to these components for each participant [34].

We hypothesize that compared to unsuccessful dieters, successful dieters will show greater
tendency to take time-distant (or long term) information into account in the process of decision
making. That is, successful dieters will have lower scores in the recency parameter of the EV

Model.
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It might seem difficult to make a clear distinction between recency, or the processing of time-distant
outcomes while making decisions, and such constructs asimpulsivity or delay discounting. While these
constructs are related to one another, they do not necessarily represent the same neuro-cognitive processes.
For example, it has been argued that recency refersto information processing at an early stage of making a
decison, while delay discounting reflects a preference that comesinto play in alaer sage[55]. Smilarly,
thereis mixed evidence with respect to the overlgp between dday discounting and impulse control [e.g.,
43, 61]. Although thistheoreticd debateisimportant initsown right, it isnot critica to the present study.
That is, even if one views recency as aproxy of impulsivity, itspractica potentid in clinica populations
[35-36] makes recency a predictor worth consdering.

Indeed, past research has linked obesity with impulsivity (e.g., [29, 38]), delay of gratification
[32], and elevated risk taking in decision-making [ 28], and it may be suggested that these constructs
predict obese patients’ weight management outcomes. Comparing between dl of these constructs as
potentia predictors can aso contribute to our understanding of how similar they are. Therefore we

included these as additional measures as well.

M ethods

Participants

Participants were adults enrolled in a wei ght-management program serving the university
faculty, staff, and students. Program clients were informed about the study upon signing up for the
program, and study participation was voluntary. The sample included 70 individuals, who formed
about 25% of the program'’s clients at the time of the study. Out of these, 26 (37%) dropped out
before compl eting the program and were excluded from further analysis. This attrition rate is

comparable with the literature; see [39-42]. Predictors of attrition have been discussed elsewhere



[33].
The analytical sample of 44 participants was similar in its characteristics to the population of
program completers (see Table 1). The program’s general population has been described in [33].
95  All participants gave an informed consent and the study was approved by the Institutional Review

Board.

Table 1: Characteristics of the study's sample compar ed to the general population of

100 participants who completed the weight-management program
Study sample Program population
(N=44) (N=672)
% Women 81% 78%
% White 59% 51%
Age 45.6 (12.07) 46.0 (12.9)
% L ost weight successfully 27% 23%
Procedure

Lifestyle Redesign® Weight-Management is an evidence-based program, which was devel oped by

105  the Division of Occupationa Science and Occupationa Therapy at the University of Southern
Cdlifornia. The program was 16 weeks long. Participants met weekly with an occupational therapist
and received information about healthy diet and lifestyle, as well as personalized guidance. Height
was measured in the beginning of the program, and weight was recorded weekly. No incentives
were provided for weight-loss or other achievements.

110 Study participants attended a 1-hour session in the beginning of the program, in which they
7
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completed the decision-making tasks and questionnaires described hereinafter. Participants were
paid $20 on average for attending the session ($17 show-up fee and an additional amount of $1-$6
based on task performance; this is a standard procedure in decision-making studies whose purpose
IS to maintain participants’ attention throughout the session [44]). Data about participants’ weight
change were obtained after the final meeting of the program. Because even a modest weight loss of
5% islikely to produce health benefits [2], and similar to many other weight-loss protocols[e.g., 4-

5], we defined successful weight loss as losing at least 5% of one’s initial weight.

Main Measures

The lowa Gambling Task [37]. A decision-making task designed to simulate real-life decisionsin
terms of conflict and complexity. Participants make repetitive choices between four decks of cards
(displayed on a computer screen), with the goal of maximizing their earnings. Each card selection
yields again, but occasionally losses occur too. Two of the decks are disadvantageous, in that they
yield relatively high gains along with occasional 1osses that are even larger, resulting in anet loss.
The two advantageous decks yield small gains combined with smaller losses, resulting in anet gain.
High performance on the task depends on the subject’s learning to prefer the advantageous decks,
i.e., to select more from them than from the disadvantageous decks. The task had 100 trials. Task
results were further analyzed using the Expectancy-Vaence model [34].

The Expectancy-Valence model (EV; [34]). According to the model, choices in complex
environments are based on subjective expectancies, which reflect not only the actual outcomes
experienced, but also individual differencesin three components of the learning and decision

process.
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(1) A motivational component indicating the subjective weight the decision-maker assignsto gains
versus losses. The sensitivity to reward parameter ranges between 0-1, and represents the relative
weight assigned to gains (rewards) in the evaluation of alternatives.

(2) A learning-rate component indicating the degree of prominence given to recent outcomes at the
expense of relying on the full range of past experience. The Recency parameter ranges between 0-
1, and represents (inversely) the tendency to take long-term considerations into account [25].

(3) A probabilistic component indicating how consistent the decision-maker is between learning
and responding. The Consistency parameter ranges between 0-10 and represents the tendency to
choose the alternatives with the higher subjective expectancies, as opposed to making random
selections.

Based on atrial-to-trial analysis of behavior in the decision task, the model extracts three individual

parameters corresponding to these components, for each decision maker.

Additional Measures

Smplified variant of the lowa Gambling Task [28]. This version focuses on risk-taking tendencies.
The advantageous decks produce a constant small gain, i.e., no risk. The disadvantageous decks
produce either gains or losses, i.e., they entail considerable risk.

Barratt Impulsiveness Scale [45]. A self-report, 30-item questionnaire measuring impulsivity.
Food-Specific Go/No Go Task [29]. A behavioral measure of impulsivity. In thistask, arapid
stream of desserts’ pictures or vegetables’ pictures is displayed, and the participant needs to react as
quickly and accurately as possible by pressing a key in response to vegetables, but not desserts. The

task measures the ability to withhold, or inhibit, dominant behavior.
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A delay of gratification task (see [46]). In this task, participants repeatedly choose between two
unmarked buttons displayed on a computer monitor. Buttons yield a small payoff of 5 pointsin
either 40% (low frequency) or 80% (high frequency) of thetrias. The low-frequency button is
available for pressing as soon as each trial begins, while the high-frequency button becomes
available after aten-second delay. In each tria the participant chooses whether to wait the ten
seconds for better prospects of reward, or press the low-frequency button immediately and move to
the next trial faster.

The Raven Advanced Progressive Matrices Test, part 1. A brief measure of intelligence.
Demographic questionnaire. Included items referring to gender, age, education, employment status,

race and ethnicity, and dieting history.

Satistical Analysis

Comparisons between successful and unsuccessful dieters were done using t-test or fisher's exact
test, as appropriate for each variable. Weight-loss success was predicted using logistic regression
models with recency as the predictor. Weight loss was coded “1” for dieters who lost at least 5% of
their initial body weight, and “0” otherwise. Because successful and unsuccessful dieters differed
significantly in their reported number of past weight-loss attempts (see Table 2), we included this
variable in an additional regression model. All p values are two sided unless noted otherwise.

Analyses were carried out using SAS 9.4 software.

Results

Participant Characteristics
Study participants attended 15.57 (S.D. = 0.84) weekly meetings on average. The last recorded

weight was used to cal culate wei ght-loss percentage for each participant. Twelve participants (27%)

10



lost 5% or more of their original weight, which satisfied the criterion for successful weight loss,
while 32 participants (73%) were unsuccessful. This success rate is similar to others reported in the
literature (e.g., [6, 7]). Table 2 provides the initial weight, BMI, and demographic characteristics of
successful and unsuccessful participants. As can be seen, the differences between the groups were
185 insignificant except for one variable. While all participants had tried to lose weight prior in the past,

unsuccessful dieters reported alarger number of attempts (tzs.9) = 3.04, p = 0.005).

Table2. Characteristics (meansand S.D.) of successful and unsuccessful dieters

Successful  Unsuccessful

n=12 n=32
% Women 75% 84% n.s.
% White 58% 45% n.s.
Weight [lbs] 185.5 204.4 n.s.
(36.95) (51.43)
Body Mass I ndex 30.95 33.82 n.s.
(4.01) (6.42)
Age 46.42 45.28 n.s.
(15.40) (10.84)
No. of weekly working hours 36.04 40.03 n.s.
(9.03) (11.11)
Education level
[% of participants with college degree] 92 s4% s
No. of prior weight-loss attempts 4.42 10.6 p< 001
(3.15) (9.97)

190

11



Main outcomes
On average, both groups performed the lowa Gambling Task at asimilar level. There was no
difference in the number of advantageous choices made by successful (mean = 61%, S.D. = 18%)

195  and unsuccessful (mean = 63%, S.D. = 20%) dieters.

Table 3 presents the EV model fit estimates and mean parameter scores. As hypothesized,
recency scores were significantly lower in those who lost weight successfully than in unsuccessful
dieters (t(35.6) = -2.95, p = 0.006; Cohen’s d = 0.89, indicating a large effect size). The other two
parameters — consistency and sensitivity to reward — did not differ between the groups.

200 The regression model for predicting weight-loss success based on recency was significant
(Likelihood Ratio X2y = 5.96, p = 0.015; Max-rescaled R-Square = 0.184). The regression
coefficient of the predictor was significant as well (X24 = 3.66, p = 0.03, one sided). These results
indicate that successin a behavioral weight-management intervention is predicted (negatively) by
the tendency to base decisions on immediate consderations.

205
Table3. Means (S.D.) of the Expectancy-Valence mode fit estimates and parametersin

successful and unsuccessful dieters

Successful Unsuccessful

n=12 n=32

Model fit 10.18 18.77 n.s.
(17.66) (32.34)

Sensitivity toreward 0.56 0.55 n.s.
(0.25) (0.36)

Recency 0.11 0.42 p< 0.01

(0.24) (0.43)

Consistency 4.01 2.82 n.s.
(4.01) (2.76)

12
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Because the number of past dieting attempts was different between successful and
unsuccessful dieters, we included it in a second regression model along with recency. This
regression model had improved fit (Likelihood Ratio X?; = 9.32, p = 0.001; Max-rescaled R-
Square = 0.285), yet each coefficient only achieved marginal significance (recency: X%y = 2.64, p =

0.052, one sided; number of past diets: X2y = 2.27, p = 0.066, one sided).

Additional outcomes

Risk-taking, impulsivity, delay of gratification, or intelligence did not predict weight-loss successin
this sample. We found no significant differences between successful and unsuccessful dietersin the
simplified variant of the lowa Gambling Task (t42) = 1.28, p = 0.21), the Barratt Impulsiveness
Scale (ta2) = 0.06, p = 0.95), the delay of gratification task (taz) = 1.12, p = 0.27), the Go/No Go
Task (tuz) = 1.54, p= 0.13 for false dlarms; taz) = 0.99, p = 0.33 for the sensitivity index d’; t4z) =
0.23, p = 0.82 for the criterion), or the Raven Advanced Progressive Matrices Test (taz) =0.49, p =

0.63),

Discussion

Congstent with our hypothesis, weight loss in aweight management intervention is predicted by recency,
or the rate of updating recent information in the process of decision making. Our findings support the
notion that successful dieterstend to take time-distant (or long-term) information into account in their
decison making, while unsuccessful dieterstend to rely more heavily on recent outcomes as a source of
information. Moreover, recency was the only study variablethat distinguished well between successful
and unsuccessful dieters. Successful and unsuccessful dieters were similar in their demographics aswell

as psychometric characteristics such asintelligence, genera decison-making performance, risk taking,

13
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impulsivity, and delay of gratification. The scarcity of valid predictors of weight management outcomes
has been noted by others[11].

The present study presents a theoretically-grounded explanation for individual differencesin
weight-loss success. We argue that the ability to “think long term”, i.e., to think about the potential
time-distant outcomes of one’s actions, contributes significantly to behaviora changein the context of
weight management. Patients in obesity treatment are attempting to acquire eating habits that reflect heath
concerns rather than gustatory satisfaction. Because satisfaction is achieved immediately while the risks
associated with unhedlthy eating are a probabilistic future consequence, the former is easier to think of or
process than the latter [47-48]. Therefore, dieters who are better able to engage in this more difficult and
effortful information processing are more likely to change their habits successfully and lose weight asa
result.

At the neuropsychologicd leve, individua differencesin recency correspond to differencesin the
activation of the prefronta cortex [25], abrain areathat islinked with inhibitory control (e.g., [47]).
Interestingly, some studies have shown that obese patients who lost weight successfully display high
activaion in the prefrontal cortex when presented with food cues[49]. Thisimpliesthat they exert more
inhibitory control, and potentialy more intense long-term thinking (depending on the locus of the eevated
activity within the prefronta cortex; see[25]). Theseresults are hard to interpret because they bring up the
poss bility that welght management causes improvement in long-term thinking rather than the other way
around. However, our present findings suggest that high activation in the prefrontal cortex precedes
weight-management success.

Notice that recency predicts weight loss among dieters who completed awel ght management
intervention, but it does not predict intervention completion: Attrition is captured by a different aspect of

decison making: sengitivity to reward [33]. Although attrition from treatment and lack of successinit

14
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may represent difficulties in adherence to the treatment’s requirements, these difficulties appear to bear on
different cognitive processes, and, consequently, on different neura systems. In light of evidence that
obesity resembles addiction [50], we have argued [33] that obesity involves the same kind of
dysfunctional dynamics between the brain-systems that are associated with decision making as
addiction does [47, 51-52]. The first such system is an impul sive/motivational system that promotes
reward-driven behaviors. The second is areflective system that modul ates deliberation, forecasting
of future consequences, and inhibitory control [47, 51-52]. In this two-system model, the
impulsive/motivational system is an abstraction of neural processes associated mainly with the
amygdala and striatum, and the reflective system is an abstraction of neural processes associated
mainly with the prefrontal cortex [47]. While the reflective system is associated with the recency
parameter of the Expectancy-Vaence model [25], the impulsive/motivational system has been
associated with the sensitivity to reward parameter [53-54]. Therefore these two components of the
EV model — sensitivity to reward and recency — serve as behaviora measures of activation in two
different neuropsychological systems.

It may be argued that our interpretation of recency asamarker of the ability to process potentid
future consequencesis not very different from the concept of delay discounting. Indeed, these concepts
seem hard to distinguish, but they are not identical. Recency refersto the rate of information updating, or
learning, whereas ddlay discounting reflects a preference that comesinto play in adifferent stage of
decison making [55]. In addition, in the present study weight loss was not predicted by delay of
gratification, which is often interpreted as a measure of delay discounting [56].

Our results are cons stent with previous studies that found having fewer previous welght-loss
attempts predictive of weight-loss success[e.g., 16]. The direction of causality in the relationship between

attempt-failure and number of past atemptsis unclear, though. It has been suggested that a history of

15
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falled atemptsreflects aphysiologicd barrier to weight loss, which may be innate or developed through
theyears[11]. In theterms of our theory, a neuro-cognitive property such as high recency may be such a
barrier.

A potentia limitation of the study is the fact that participants self-selected to participate in it.
Y et, the sample was similar to the wel ght-management program's completer population in terms of
gender, age, race/ethnicity, and welght-loss outcomes (See Table 1). Hence self-sel ection does not
seem to be amgjor concern. It may be argued, though, that homogeneity in our subject pool isthe
reason why gender and initial weight did not predict weight loss in our study. Thisisin contrast
with previous studies [e.g., 4, 14-15], though other researchers have reported similar null results as
well [57-58]. The fact that we did not control for eating disorders such as bulimia and binge eating
isalso apotential limitation, although bulimia nervosa has been found to be unrelated to recency
[53].

Another important issue that couldn’t be addressed in the present study is gender differences.
Men areless likely than women to seek treatment for obesity, and hence, to be included in obesity
studies [59]. Studies of decision-making in obese individuals also tend to be femal e-dominated
[eg.,[27, 29], as was the case in the present study. Y et, the few studies that compared between
obese men and women concluded that they differ in their decision-making patterns, with obese men
being less likely than obese women to display poor inhibitory control [28, 32]. Thereforeit is
possible that difficulty to incorporate long-term considerations into decision-making is amore
prevalent problem among obese women than among obese men. It follows that in order to obtain a
complete picture of decision-making and interventions in obesity, men and women should be

studied separately.
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In sum, the present study shows that a cognitive/ decision-making property — recency — predicts success
in behavioral obesity treatments, and suggests away by which doctors and hedthcare professonds can
identify the patients who are more likely to benefit from this treetment type. Our findings underlinethe
importance of moving beyond a “one size fits all” gpproach to weight-management research and practice.
Not only do they add to professionals’ ability to match patients to treatments effectively, but they also
outline away to facilitate wel ght-management processes for more patients. This can be done, for example,
by encouraging dlients to focus more on the long-term consequences of their choices. Although theory
positsthat obesity is sustained by failure to incorporate long-term considerations into decision-making

[24, 47], few attempts have been made to trand ate these notionsinto interventions (e.g., [60]).
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