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 Portfolio Frontier Analysis: Applying mean-variance analysis 

to Health Technology Assessment for health systems under 

pressure 

 

Abstract 

The COVID-19 pandemic is challenging how healthcare  

technologies are evaluated, as new, more dynamic me thods are 

required to test the cost effectiveness of alternat ive 

interventions during use rather than before initial  adoption. 

Currently, health technology assessment (HTA) tends  to be 

static and a priori: alternatives are compared before launch, 

and little evaluation occurs after implementation. We suggest 

a method that builds upon the current pre-launch HT A 

procedures by conceptualizing a mean-variance appro ach to the 

continuous evaluation of attainable portfolios of 

interventions in health systems. Our framework uses  frontier 

analysis to identify the desirability of available health 

interventions so decision makers can choose diverse  portfolios 

based upon information about expected returns and r isks. This 

approach facilitates the extension of existing meth ods and 

assessments beyond the traditional concern with pre -adoption 

data, a much-needed innovation given the challenges  posed by 

COVID-19. 

 

JEL Codes: I10; I11; G11 
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Keywords: HTA; portfolio; mean variance; health eco nomics; 

decision-making 

 

I. Introduction 

The coronavirus 2019 (COVID-19) pandemic will have 

unprecedented health, economic, and social conseque nces 

globally [1]. The current crisis is severely challe nging 

resource-limited health systems worldwide with dema nds for 

novel interventions and extra capacity, and the eco nomic 

slowdown caused by country-wide lockdowns and other  measures 

is diminishing the ability to fund future service p rovision 

[2,3]. Globally, COVID-19 is testing the ability of  countries 

to quickly develop, test, and deploy new medication s, with 

serious concerns being raised about the processes f or 

evaluating and approving drugs [4]. Given the role of health 

economics in assessing the cost effectiveness of av ailable 

interventions, COVID-19 will also create challenges  for the 

health technology assessment (HTA) of innovative tr eatments 

[5].  

 

As an applied discipline, health economics has evol ved rapidly 

over recent decades, with notable advances in the d evelopment 

of evaluation techniques [6]. Accompanying this gro wth has 

been the increasing use of economic methods in the evaluation 

of health technologies by bodies such as the UK's N ational 

Institute for Health and Care Excellence (NICE) and  the 
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Institute for Clinical and Economic Review in Ameri ca [7]. The 

growing use of economic methods in applied evaluati ons has led 

to the continual modification of techniques origina lly 

recommended by authorities such as the U.S. Panel o n Cost-

Effectiveness [8]. For instance, best practice orig inally 

recommended the use of the cost-effectiveness ratio , which was 

soon replaced by the Incremental Cost Effectiveness  Ratio 

(ICER) accompanied by the Cost Effectiveness Accept ability 

Curve (CEAC). Recently, the modelling of Net Health  Benefits 

has been recommended. Approaches that summarize unc ertainty in 

cost-effectiveness analysis using these methods foc us only on 

uncertainty associated with costs and effects of pr ograms 

under consideration. In the real world, most decisi on-makers 

have to fund a portfolio of health care programs. T herefore, a 

more comprehensive approach would analyse the uncer tainty of 

costs and effects of all programs supported by fixe d 

healthcare budgets [9]. In response, we suggest a n ovel method 

for supporting health systems decision-makers, whic h uses real 

world data to analyse the uncertainty and cost-effe ctiveness 

of portfolios of available interventions. 

 

Portfolio theory has an established pedigree as an approach 

for establishing the efficiency of new health care 

investments; in particular, Birch and Donaldson pro posed 

integer programming as a method for selecting betwe en mutually 

exclusive projects [10]. Similarly, the mean-varian ce approach 
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central to portfolio theory has been included in se veral 

papers, with Sendi, Gafni and Birch suggesting anal ysing 

uncertainty in cost ‐effectiveness analysis by introducing a new 

graphical framework (the “decision making plane”) f or 

communicating with policy makers about the opportun ity costs 

related to their decisions [11]. The authors later extended 

this approach to the context of a portfolio of prog rams when 

costs and effects are uncertain and resources are c onstrained 

[9]. Gafni, Walter and Birch develop the literature  further by 

illustrating how a decision-making plane may be use d to 

explicitly incorporate opportunity costs into healt hcare 

decision-making, as well as relaxing the assumption s of 

perfect divisibility and constant returns to scale of the cost ‐
effectiveness plane [12]. Our approach builds upon the work of 

these authors but attempts to add to the literature  by 

suggesting adjustments to portfolio analysis that m ay make the 

method more popular to analysts and health systems decision-

makers. In particular, we suggest that the concept of 

“technical change”, which is a commonly used framew ork in 

mainstream economics, should be adopted by health e conomists 

during their HTA work [13]. 

 

Akehurst et al. [14] suggest that all HTA evaluatio ns 

generally follow five distinct phases: horizon scan ning, topic 

determination, evidence collection and assessment, appraisal, 

and funding and policy determination. However, the economic 
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evidence currently collected and assessed during th ese stages 

is “static” in that only current technologies (and the costs 

of their associated working practices and means of production) 

are compared. Even if future costs and benefits are  modelled 

and factor prices are altered, the submitted econom ic evidence 

rarely captures the evolving dynamics of technical change. 

Indeed, a major limitation of current mainstream HT A work is 

the inability of its static procedures to analyze c ontinuous 

economic costs and benefits through time. 

 

The purpose of this paper is to present a framework  for 

conceptualizing a mean-variance approach to the con tinuous 

evaluation of attainable portfolios of health inter ventions. 

The proposed framework is developed using frontier analysis to 

represent the evolving efficiency of health technol ogies while 

in use. The validity of using frontier analysis has  been 

widely established, with robust examples from both HTA [15,16] 

and the measurement of health systems efficiency [1 7-20].  

 

We base our work on the method of representing expe cted values 

and uncertainty developed within modern portfolio t heory (MPT) 

as shown in Markowitz [21]. We believe that a modif ied version 

of the “mean-variance analysis” performed in MPT ca n 

successfully form the basis of what we call “portfo lio 

frontier analysis” (PFA), which we present here as a novel 
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application of MPT for use in economic decision mak ing in 

continually disturbed health systems.  

 

PFA could make a significant contribution to both r esearch and 

practice, with a clear potential to generate measur able 

improvements in health systems performance worldwid e. The 

framework is designed to appeal to a broad interdis ciplinary 

and international readership by avoiding the mathem atical 

treatment of risk and pay-offs found in the finance  

literature. The approach has relevance for research  in health 

systems and health economics, as well as management  science 

and public health. As health systems in all countri es 

(regardless of their structure and public/private m ix) can 

influence the cost effectiveness of interventions s upplied to 

patients, PFA is applicable internationally and the  concept is 

transferrable to all health settings.  

 

To demonstrate the potential of the PFA approach, t his paper 

proceeds as follows: Section II discusses static he alth 

technology assessment; Section III outlines how dat a and 

modelling may be combined with expert opinion to co nstruct 

beliefs about the future performance of selected he alth 

technologies; Section IV lays out the PFA framework  and its 

relation to MPT as a way of representing the expect ed returns 

and uncertainties of individual health technologies ; Section V 

discusses the usefulness of the PFA approach as a f orm of 
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post-adoption HTA process and how it could support health 

system decision-making worldwide. 

 

II. HTA and the Static Approach 

 

An issue underlying all current approaches to HTA a ssessment 

is the use of static projections of dynamic process es. While 

the health economics literature has attempted to ov ercome this 

issue by better modeling of uncertainty, especially  in a 

Bayesian framework [22], there is a manifest need f or insights 

from mainstream economics to better integrate dynam ism into 

evaluation models. A salient example comes from mac roeconomics 

and the approach of Salter [23], who considers the limitations 

of using static equilibrium concepts to analyze con tinuous 

economic processes and suggests a dynamic alternati ve. He 

reports that techniques of production change over t ime for two 

reasons: improving technical knowledge and changing  factor 

prices. These are ongoing processes that together c reate 

continuous streams of new working methods. Because of this 

process, Salter argues that “once-over” analysis us ing 

comparative statics is only appropriate to changes in 

techniques that are sufficiently great to totally d isplace all 

pre-existing methods. For instance, the replacement  of the 

typewriter by the personal computer would have been  worth 

evaluating within a static framework because typewr iter 

Jo
urn

al 
Pre-

pro
of



8 

technology came to an end as a viable form of produ ction with 

this innovation.  

 

By applying Salter’s reasoning, new health technolo gies should 

not be evaluated using once-over analysis unless th e new 

technology is sufficiently disruptive (this is impo rtant 

because data from clinical trials and results from pre-

adoption modelling rarely capture the cumulative be nefits 

slowly delivered by improving technical knowledge a nd changing 

factor prices). On the other hand, Salter [23] argu es that the 

cumulative benefits of small unnoticed modification s and 

improvements in production methods or adaptation of  existing 

technologies may be equally as great as the signifi cant 

changes created by discrete large-scale innovations . This 

dynamic may improve health system efficiency by inc reasing 

benefits and controlling rising costs through reall ocation of 

resources, recognizing the actual changes occurring  in factor 

prices. Indeed, the slow but continuous change of f actor 

prices is often sufficient to produce a constant st ream of new 

techniques of production with significant economic benefits. 

For example, with no intervention for COVID-19 avai lable, 

health systems may find that operational improvemen ts may 

initially stem from thousands of small changes in w orking 

practices rather than from large gains from a “bloc kbuster” 

vaccine.  
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Any technology may be evaluated post-launch. Howeve r, Figure 1 

suggests that technologies in the first and third q uadrants of 

the cost-effectiveness plane may be particularly go od 

candidates for post-adoption analysis because their  economic 

profiles may change over time. Indeed, HTA bodies c annot know, 

a priori, how the process of (what Salter calls) “continuou s 

disturbance” will affect the discounted net value o f 

technologies over time. Long-term patient flows may  be 

represented in Markov modelling or budget impact an alysis, but 

the dynamics of constant technical change are much harder to 

predict and capture. Consequently, post-adoption ec onomic 

analysis may be required. Moreover, guidelines that  recommend 

the universal adoption of new technologies soon aft er a 

positive HTA assessment may “crowd-out” the slow pr ocess of 

change that may have occurred otherwise. For instan ce, the 

requirement that the UK National Health Service mus t fully 

implement NICE guidance within three months may aff ect the 

ways in which knowledge generation and price modifi cations 

occur, particularly for novel interventions. As the se options 

suggest, PFA may be used on all technologies post-l aunch, and 

HTA bodies must decide policies that determine thei r approach 

to this type of continuous evaluation.   

 

The PFA offers an important methodological developm ent for 

HTA, particularly during the COVID-19 pandemic. The  approach 

is important because it shifts the emphasis from st atic, pre-
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launch evaluation to the dynamic analysis of interv entions in 

use. Doing so, the approach moves attention from ef ficacy to 

effectiveness, and takes advantage of the growing a vailability 

of real-world data (RWD). At present, there is no “ gold 

standard” for using post-launch RWD for evaluating the 

relative cost-effectiveness of healthcare intervent ions [24]. 

PFA could become the method of choice for using rea l world 

evaluation in HTA work.  

 

To date, portfolio approaches to HTA may have faile d to gain 

popularity because of a lack of robust theoretical support. 

Economic evaluations in health care are usually sup ported by 

welfarist and extra-welfarist theoretical framework s [25]. In 

contrast, Salter’s approach to conceptual approach to 

technical change offers a new theoretical foundatio n for HTA, 

which employs methods to capture dynamic gains accr ued during 

use. As an example, many small changes to dietary a dvice, the 

use of statins and vitamins, better guidelines for obesity 

care and diabetes, combined, may be more cost-effec tive in “at 

risk” patient groups at preventing COVID-19 related  deaths 

than vaccination. Therefore, we believe that applyi ng mean-

variance analysis to HTA for health systems under p ressure may 

benefit both decision-makers and patients. 

          

 

III. Shifting the Curve: Incorporating a Portfolio Approach  
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Salter’s analytical framework is based upon the con cept of 

“best-practice techniques” (BPTs), which he defines  as the 

methods that yield “minimum costs in terms of the p roduction 

function and relative factor prices of each date.” [23] (p.23) 

In economic terms, we could say that BPTs create ou tputs 

located on the boundary of an efficiency frontier, with less 

productive methods creating outputs located inside,  at a 

distance from what could be achieved by being like the best.  

 

Mean-variance analysis 

Given the importance of BPTs in evaluating efficien cy in 

continually disturbed economic systems, we adopt th is approach 

in our framework but operationalize Salter’s concep t 

specifically in the context of healthcare. We focus  on 

employing the data generated, tested, and/or verifi ed by 

health economists on the post-adoption evaluation o f health 

technologies so that the measurement of their econo mic value 

and understanding of uncertainty becomes an ongoing  process.  

 

To explain how these existing methods of data gener ation and 

evidence verification may be applied differently, w e propose 

using the seminal work on modern portfolio theory b y Markowitz 

[21]. His key insight is that expected returns shou ld not be 

evaluated in isolation but should be simultaneously  assessed 

alongside their associated risks. To do this, Marko witz 
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suggests “mean-variance analysis” as a way of repre senting 

investment portfolios in terms of expected risks an d returns. 

In this theory, the rate of returns ( r) on assets are random 

variables of which the first two moments (i.e., exp ected value 

and variance) are used to obtain the optimal weight ed 

portfolio. This theory can be analytically formulat ed as the 

following constrained optimization problem: 

(1)  � ���: ��∑ ∑ 
�
���������
�. �. ∑ 
������ ≥ �� , ∑ 
� = 1���

 

 

where P represents the number of assets constructing a 

portfolio, 
� is the weight representing the investment 

proportion for the ith asset ( i=1,…, P), �� indicates the 

covariance between the ith and jth assets, �� = ����� is the 

expected value of the rate of return from asset i, and �� is 

the target baseline expected rate of return.  

 

Markowitz’s framework has significant similarities to the 

processes usually used for HTA. For instance, both measure 

“discounted expected returns” to establish the effi ciency of 

investments or spending. Similarly, both use a form  of 

“variance of return” to represent the reliability o f 

deterministic estimates of discounted investment yi elds or 

cost-effectiveness calculations. Markowitz [26] rep orts that 

the standard deviation is the most intuitively mean ingful 

measure of dispersion in investment portfolios.  
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Our framework modifies Markowitz’s work on finance for use in 

HTA and health systems. However, Markowitz focuses on formal 

financial markets that usually have lower and upper  limits on 

the rate of returns and risks acceptable to investo rs. In 

health systems, minimum levels of expected cost eff ectiveness 

and maximum degrees of uncertainty are not institut ionalized 

in the same way. The absence of these limits makes Markowitz’s 

model harder to employ in a health systems context.  In 

response, we address this problem by introducing th e notion of 

an “economic floor” and an “uncertainty ceiling” in to our 

framework.  

 

A key feature of Markowitz’s work is the way he lin ks risk-

free investments with an efficient frontier to crea te his 

“capital market line”. We modify his approach to in troduce a 

similar decision-making frontier into PFA and innov ate the 

practical application of MPT by representing the dy namic 

movements of health technologies within the payoff- uncertainty 

space.  

 

A brief example of the problem of estimating techno logical 

effectiveness under uncertainty and, more important ly, 

volatility, is shown in Figure 2 where rate of retu rn (r) is a 

variable that, in repeated sampling, will provide d ifferent 

numerical estimates that may be represented diagram matically 
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as a probability distribution. As r is not constant , 

healthcare purchasers will face uncertainty in the rate of 

returns they can accrue from the interventions they  purchase. 

This is shown in the diagram where interventions on e, two and 

three all have the same dispersion in r (shown by s imilar 

normal distribution curves), even though they have differing 

expected values. In contrast, intervention four has  a much 

larger return but is accompanied by greater uncerta inty 

because r is more variable around its expected valu e. As this 

example suggests, r is not the only variable that h ealthcare 

purchasers should consider. Just like financial inv estments, 

differing rates of return possess different risks. For 

instance, the options that offer the largest payoff s often 

have the greatest dispersion of observed rewards.  

 

The challenge is thus (following Markowitz) to crea te an 

optimal portfolio as in Equation 1, which achieves an 

acceptable baseline expected rate of return on an a sset with 

minimal variance (for the purpose of this research,  an “asset” 

in the healthcare sense of the optimal portfolio is  any health 

intervention, such as a new technology, drug, or po licy). In 

the health system, a portfolio of chosen health int erventions 

is “mean-uncertainty efficient” if it maximizes the  expected 

value of the rate of return of the portfolio for a given 

uncertainty (i.e., portfolio variance) or, equivale ntly, 
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minimizes the uncertainty for a given portfolio exp ected rate 

of return.  

 

A difficulty in this model is that the expected val ue of each 

asset and the variance–covariance matrix of the por tfolio are 

assumed to be known. However, following Salter’s [2 3] 

description of dynamic technical change, it is unli kely that 

these parameters will be known until an interventio n is used. 

This is the case for three main reasons. First, pre -adoption 

evidence is usually based upon clinical trial or mo delling 

results that are isolated from the continual econom ic 

disturbances experienced in the real world. Next, 

manufacturers may suppress unfavorable evidence dur ing HTA 

submissions. Finally, health systems are dynamic an d reactive, 

so technical processes of production and factor pri ces will 

continuously alter in unpredictable ways.  

 

IV. From Portfolios to Frontiers 

Figure 3.a shows the first step in our application of 

Markowitz’s approach to portfolio decision making i n health 

systems, which involves plotting all available inte rventions 

in an expected value ( �) - risk ( ) space. If we compare 

points one and two, the former intervention has the  same 

expected return as the latter, with both having an almost zero 

yield. However, the former intervention has a signi ficantly 

lower dispersion of expected returns. In contrast t o point 
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two, points three and four have identical levels of  

uncertainty but higher expected returns. Therefore,  points 

three and four are preferred to point two because t hey perform 

better. If we continue applying this logic, the dia gram shows 

that point four is preferred to point five because they have 

identical returns, but the former has lower uncerta inty. Next, 

point six is interesting as it has the largest retu rn and 

uncertainty by far. Given its outlying position, a comparator 

is not obvious, and we need to employ an appropriat e decision 

rule to determine whether its expected returns are worth the 

large variability in its results. As a means of dea ling with 

such situations, the next stage in the presentation  of our PFA 

is showing how appropriate decision rules may be ap plied to 

portfolio choice.  

 

Floor and ceiling constraints 

To generate more realistic models, one can consider  additional 

constraints, among which the floor and ceiling cons traints are 

relatively common in the literature. The floor and ceiling 

constraints define lower and upper levels per inter vention 

investment representing health system decision make rs’ 

preferences. In our PFA, the floor constraint is an  “economic” 

constraint that we can call “economic floor”, defin ed by the 

lowest acceptable level of expected value. Most HTA  processes 

reject interventions with low expected economic ret urns, so 

not all interventions assessed are subsequently ado pted. In 
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our framework, we follow this approach and suggest that health 

system decision makers should consider excluding th e least 

cost-effective interventions from their portfolios.  In making 

this recommendation, we are assuming perfect divisi bility and 

constant returns to scale. If these assumptions are  relaxed, 

it may be efficient to include the least cost-effec tive 

interventions in a portfolio depending upon their s ize and 

their (average) rate of return [12]. However, we do  not 

explore this option here. 

 

As Figure 3.b shows, we can apply a minimum thresho ld to our 

hypothetical data, which sets a floor for economic 

acceptability. In our example, the chosen floor lea ds to the 

rejection of the points in the shaded areas I and I II. As well 

as determining which interventions to exclude, the floor also 

helps set (what we call) the minimum expected retur n (MER), 

which occurs where the floor intersects the horizon tal axis. 

This position is chosen because it is located where  the floor 

coincides with the point representing zero uncertai nty. 

Consequently, MER is an important reference point b ecause all 

other acceptable points have either greater returns , higher 

levels of uncertainty, or a combination of both.  

 

The ceiling constraint is an “uncertainty” constrai nt that we 

can call “uncertainty ceiling”, defined as the maxi mum 

acceptable level of risk. As well as avoiding treat ments with 
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low expected returns, health systems may consider s ome 

interventions too unstable in their expected result s to be 

used routinely (outside of experimental or emergenc y cases). 

In response, our framework contains an uncertainty ceiling 

above which decision makers are unwilling to fund t reatments. 

As Figure 3.b shows, any intervention in areas II o r III are 

considered too uncertain for routine use because th ey lie 

above the ceiling. Therefore, interventions in thes e areas 

should be excluded from purchasing plans. Finally, if we 

combine the “uncertainty ceiling” with the “economi c floor”, 

Figure 3.b shows which interventions should and sho uld not be 

considered for purchasing. In practice, the uncerta inty 

ceiling will not be a fixed value but will depend o n the 

opportunity cost of choosing one intervention over another 

[27]. Consequently, PFA raises many new questions a nd calls 

for a new, pragmatic approach to HTA. For instance,  for 

smaller investments, would a decision-maker be will ing to 

accept a higher level of uncertainty than she would  accept for 

larger investments? Moreover, new means of quantify ing 

benefits forgone are needed for PFA and other forms  of health 

economics analysis [28]. 

 

PFA diagram 

Figure 3.c shows the interventions available for ev aluation 

after ineffective and risky treatments have been re moved 

(i.e., any interventions in areas I, II, and III of  Figure 3.b 
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are not considered). We can now see points in the e xpected 

value ( �) - risk ( ) space that have different combinations of 

efficiency and uncertainty. Points with higher retu rns or 

lower levels of uncertainty are always preferred. 

Consequently, we draw an efficiency frontier that l inks the 

most preferred points, which is shown by the series  of 

straight lines connecting A, B, C, D, and E. The ar ea to the 

north-west of the frontier is unattainable because 

interventions do not exist in this space. This is i dentified 

by the shading outside of the frontier. In contrast , the 

points shown within the frontier are attainable. Ho wever, they 

have lower expected returns and/or higher levels of  

uncertainty than those at the frontier.  

 

Examples of application of the basic model 

Figure 3.d shows our hypothetical data, with points  A, B, C, 

and D representing alternative interventions for tr eating the 

same condition, with the four interventions lying w ithin the 

portfolio frontier. Following a scientific breakthr ough, a new 

intervention is launched that pushes the frontier o utwards. 

This is a technological shock because its combinati on of 

expected return and uncertainty far outperforms tho se offered 

by the existing interventions. The points represent ed in 

Figure 3.d do not portray the dynamic nature of con tinually 

disturbed health systems. In contrast, Figure 3.e s hows how 

the five interventions evolve from their baseline p ositions at 
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A0, B 0, C 0, D 0, and N 0 to their locations at A 1, B 1, C 1, D 0, and 

N1. First, the launch of the new intervention stimula tes the 

manufacturers of A to make their intervention more cost 

effective and less variable in its expected return.  As a 

result, A moves to just inside the dotted line and rests at A 1, 

which coincides with the frontier attainable before  the new 

treatment was launched. Similarly, changes in techn ical 

processes make B 1 more cost effective and less uncertain than 

B0, pushing the intervention nearer the previous fron tier.  

 

Although A 1 and B 1 are superior to A 0 and B 0, they are not 

preferable to N 0. While this implies that the new intervention 

should be chosen, data collected during the first t ime period 

suggest results from the new intervention are more uncertain 

than expected. At the end of the first time period,  N has 

failed to push the portfolio frontier outwards, the  observed 

technology shock is not sustained, and the interven tion 

settles at N 1. Even though the three interventions hold 

different locations in the E, U space, they are all  on or 

close to the frontier. Therefore, A and B may be ne ar 

equivalents to N. In such situations, health system s decision 

makers must weigh the pros and cons of their availa ble 

portfolio of interventions. For instance, they may choose A 

over B and N because the former offers the lowest v ariability 

in results, even if this choice results in efficien cy levels 

being lower than possible with the latter two optio ns. 
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Conversely, in more time-constrained situations, as  with the 

COVID-19 outbreak, efficiency levels rather than va riability 

may be the metric of success. 

 
As Figure 3.e shows, HTA decisions made at launch m ay not 

reflect the changing dynamic of continual disturban ce 

frequently observed within health systems. For inst ance, new 

interventions may fail to perform as well as expect ed, 

stimulate improvements in competitor treatments, an d shift 

from being dominant at launch to being equivalent d uring use. 

In drawing these conclusions, we must also acknowle dge that 

existing technologies do not always respond positiv ely to the 

launch of seemingly superior alternatives. For inst ance, C 

improves in cost effectiveness compared with C 1, but this is 

only achieved by reformulating the product in a way  that 

produces greater variability in its results. As ano ther 

comparison, intervention D remains stuck at D 0 because it 

cannot evolve. In sum, C and D would not be interve ntions of 

choice when N is launched, and continuous economic evaluation 

confirms that the choice not to use them remains co rrect.  

 

Figure 3.f shows the effects of continual small rea ctions and 

modifications. The four interventions shown are sti mulated by 

evolving technical processes and, crucially, the ev olution of 

factor prices exogenous to the health sector. For i nstance, A 

and C improve their rate of return during period on e without 
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increasing the uncertainty of their results. In con trast, 

intervention B only achieves an improvement in its expected 

return by adopting methods that increase the variab ility of 

its outcomes, while D experiences a drop. At points  A 1, B 1, C 1, 

and D 1, the interventions are located differently to thei r 

original positions. Sensing the ability to catch up , the 

manufacturers of intervention B modulate their prod uction 

processes to move their product nearer to the posit ion of A 1. 

This move affects the relative position of C, the p roducers of 

which try to gain ground by lowering its price, thu s ending up 

at C 2. Sensing a shifting market dynamic, the makers of A push 

their product to be more cost effective, moving fro m A1 to A 2. 

In doing so, they outperform their existing competi tors, shift 

the portfolio frontier outwards, and create gains b y accepting 

more uncertainty in their results. At the other end  of the 

spectrum, intervention D performs increasingly wors e over 

time, with the consequence that it should probably be excluded 

from future purchasing plans when it reaches D 2.  

 

Decision makers 

Figure 4 presents a more sophisticated form of our PFA that 

again includes the MER point in the diagram. The mi nimum 

expected return is located where any asset would gi ve zero 

variation in its rate of return and offer the minim um return 

expected by health system purchasers. This is an im portant 

benchmark because MER is a corner solution that ind icates the 
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minimum return, zero uncertainty position acceptabl e to health 

systems purchasers. MER can be used as an anchor po int when 

forming a new efficiency frontier, which is tangent  with the 

most efficient intervention available, shown by A. This 

frontier differs from other efficiency frontiers be cause its 

position is partly determined by decision makers th emselves, 

whereas the previous frontiers were located solely by the 

position of the observed interventions. In response , we label 

this new frontier the “decision-makers’ frontier” ( DMF). Given 

their ability to set MER via modulations in the eco nomy, DMF 

is a frontier that health systems can control, subj ect to the 

location of existing technologies in the analytic s pace. 

 

The DMF is an economic frontier that may rarely be observed in 

practice but may be useful in shaping abstract mode ls of 

decision making. Its key features may be interprete d as 

follows. First, the frontier’s connection with the vertical 

axis represents an intervention with no uncertainty  in its 

expected returns. No variability in results should always be 

preferred to variability, which makes the MER an im portant 

guide to optimal choice. Next, the tangency of DMF with point 

A represents an uncertain return that is equivalent  to MER, 

which gives a higher pay-off to compensate for grea ter 

variability. In other words, the slope of the DMF i s 

equivalent to the rate of exchange between expected  returns 

and uncertainty that would be observed if health sy stems 
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operated at their DMF frontier. Finally, all points  on the DMF 

(except A and the MER) are hypothetical and represe nt the most 

efficient combinations of E and U that could feasib ly exist, 

given MER and A. The DMF acts as a frontier against  which to 

judge the relative worth of interventions available  to health 

systems purchasers. 

 

PFA has practical applications for health systems d ecision-

makers. Currently, HTA information is generated pre -launch 

usually by agencies outside the management structur es of the 

organizations that purchase and supply intervention s to 

patients. Given its structure, PFA allows decision- makers to 

set floor and ceiling values for effectiveness and risk. 

Control is also given over the MER and the decision -makers’ 

frontier. As PFA evaluates risk and returns during the dynamic 

process of use, it suggests that bodies running the  day-to-day 

operations of health systems should be in charge of  

implementing this method in practice. For instance,  PFA should 

be operated by NHS England rather than NICE in the UK, which 

would give the former greater control of efficienci es, 

especially in relation to high-cost drugs [29]. To enable such 

applications, researchers need to identify suitable  forms of 

RWD usable in different health systems that facilit ates the 

successful implementation of PFA. 
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The implementation of PFA will present new challeng es for 

researchers and health systems funders. First, ther e will be 

the issue of identifying which interventions best s uit this 

approach. For instance, products that are not domin ant or 

dominated in the cost-effectiveness plane may be su itable 

candidates for post launch analysis. However, cost- effective 

interventions may also require continuous evaluatio n because 

their competitors may change methods of delivery an d prices in 

order to compete with their new rivals. Alternative ly, areas 

of medicine where innovative products are rare, but  healthcare 

professionals make constant, but small improvements  in their 

performance may be good areas for implementing PFA.  In the 

short term, decision-makers may choose to focus on specific 

groups of interventions as a means of building expe riencing of 

HTA using a portfolio approach. For instance, atten tion will 

need to be paid to how information about expected v alues and 

risk going beyond using these “average” values and to explore 

the role of opportunity cost in portfolios. In pre- launch HTA, 

the recommendation of adoption usually involves str ict 

criteria for use and assumptions about cost effecti veness 

thresholds that are rarely acknowledged once adopti on occurs. 

With PFA, the way the product is used in conjunctio n with 

decision-makers economic criteria will constantly i nform 

choices about which interventions to use. Therefore , PFA makes 

HTA a “living” process that health system decision- makers can 

continuously control.  
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Finally, the possible use of Value of Information ( VoI) 

studies in the PFA is useful to discuss [30]. VoI a nalysis 

provides an analytic framework for establishing the  value of 

acquiring additional information to inform a decisi on problem. 

If decision-maker aim to maximise health outcomes s ubject to a 

budget constraint, then the choice to adopt or reim burse an 

alternative should be based on expected cost, expec ted 

outcomes and the cost effectiveness threshold. With  perfect 

information, decision-makers can select interventio ns that 

maximise the net benefits of adoption for a particu lar health 

threshold. The expected value of perfect informatio n is simply 

the difference between the expected value of decisi ons made 

with perfect information and the decisions made on the basis 

of existing evidence. When further research appears  to be 

worthwhile, the approach indicates where evidence a bout 

particular parameters will be most valuable and sug gests the 

type of research design which might be most importa nt. 

Therefore, we suggest that the possibility of using  VoI 

studies to support PFA should be further explored.  

           

V. Conclusion 

 

In suggesting the use of PFA, we are aware of the r obustness 

of the current HTA methods employed worldwide, so f ull 

justification for preferring PFA is required. First , we 

Jo
urn

al 
Pre-

pro
of



27 

believe our novel approach could supplement existin g health 

economics and HTA methods, especially given the cha llenges of 

the COVID-19 crisis. Even when comprehensive modell ing studies 

are undertaken, mainstream evaluations often fail t o capture 

the dynamics of the evolutionary economic systems d etermining 

health systems outcomes. Currently, most formal ass essments of 

health economics evidence are performed outside of the health 

systems they are designed to serve, usually by inde pendent HTA 

bodies. As a result, their recommendations are usua lly based 

upon once-over evaluations, which may have diminish ing 

validity over time as their findings are challenged  by 

continual disturbances slowly operating within heal th systems.  

 

As noted, techniques of production change over time  as 

technical knowledge and factor prices alter [23]. I n health 

systems, these drivers generate continuous streams of new 

working methods. For instance, healthcare professio nals will 

continually learn how to generate incremental benef its from 

existing techniques until an unexpected technology shock 

disrupts the technical and economic dynamics of the ir 

production processes. In most instances, slow but c ontinuous 

change will generate the most significant economic gains. 

Unfortunately, current methods rarely focus on the technical 

changes made by market incumbents in response to ne w 

interventions and modulating factor prices.  
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The operation of the complex economic processes tha t shape 

health systems outcomes is rarely observed for econ omic 

evaluations. As once-over, pre-adoption evaluations  cannot 

capture the cumulative benefits of small improvemen ts in 

production methods, PFA could be a useful addition to current 

health economics and HTA methods. In proposing PFA as a form 

of post-adoption analysis, we wish to refocus atten tion on 

analyzing the effects of the underlying dynamics th at drive 

health systems. Indeed, measuring the impact of new  and 

existing technologies during their use could be inf ormative 

because, often, the full benefits of innovation eme rge over 

time because of continued learning from use. Only w ith the 

gift of complete foresight can pre-adoption evaluat ions truly 

predict the economic consequences of allowing new t echnologies 

to enter the market. Given that we live in a second -best 

world, post-adoption methods such as PFA could beco me useful 

additions to existing approaches to health systems economics 

and HTA. 

 

PFA may be a useful tool for post-adoption decision  making in 

health systems in five main ways: (1) the PFA diagr am 

represents combinations of E and U that can be atta ined with 

available interventions, (2) the approach can help analysts 

separate efficient from inefficient interventions, (3) the 

framework could help decision makers select the com binations 

of E and U that best suit the needs of their health  systems, 
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(4) the approach can help determine which intervent ions are 

the most suitable for particular patient groups, an d (5) its 

ability to use real-world data means that PFA can r eflect the 

continual disturbances that shape the economics of healthcare 

provision.  

 

Widespread adoption of PFA has the potential to aff ect the 

mainstream working procedures of HTA in the followi ng ways. 

First, the use of PFA implies that only potentially  “dominant” 

technologies should be subject to full-scale pre-ad option 

assessments. Consequently, interventions that are l ikely to be 

equivocal in their cost effectiveness should be eva luated in 

use and withdrawn from purchasing portfolios if the y perform 

poorly. Next, if HTA bodies only perform pre-adopti on 

assessments on technologies that shock existing pro duction 

processes, the job of evaluating all other interven tions could 

be a regular activity of health systems themselves.  Used in a 

feedback loop, the methodology could be employed by  health 

systems in all countries (regardless of their struc ture and 

public/private mix) to improve efficiency and reduc e 

uncertainty. Moreover, as it does not require input s from a 

formal HTA agency, PFA could be performed by analys ts working 

within (or for) health systems themselves, who coul d employ 

local management structures to encourage providers to improve 

the results being monitored. Finally, new sources o f real-

world data and methods of analytics will be require d to 
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operationalize PFA. Although this will be costly, c ash-limited 

health systems have little option but to actively m anage their 

growing portfolios of interventions if they wish to  

successfully stay within budget limits. Therefore, with its 

dynamic nature, PFA may be an appropriate support t ool for 

health systems decision makers concerned with the r eturns and 

risks of their spending. 
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Exhibits 

Exhibit 1 (figure) 

Caption: Cost effectiveness plane for post adoption  analysis 

 

Exhibit 2 (figure) 

Caption: Probability distribution of rate of return  (r) 

 

Exhibit 3 (figure) 

Caption: Graphical representation of expected value  ( �) and 

risk ( ) 

 

Exhibit 4 (figure) 

Caption: Decision-makers’ frontier (DMF) with expec ted value 

( �) and risk ( ) 
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Figure 1. Cost effectiveness plane for post adoption analysis
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Figure 3c. Portfolio Frontier Diagram

0

A

B

C

D
E
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Figure 3d. Technology shock
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Figure 3e. Reaction to technology shock
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Figure 3f. Incremental changes
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Figure 4.  Decision-makers’ frontier (DMF) of expected value (µ) and risk (σ)
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Portfolio Frontier Analysis: Applying mean-variance analysis to 

Health Technology Assessment for health systems under 

pressure 

 

Highlights 

 

• The COVID-19 crisis has shown the need for in-use 
evaluation of health care technologies. 

• We propose a method which examines technology portfolios 
utilizing expected values and uncertainty. 

• Portfolio frontier analysis (PFA) works as a post-adoption 
tool but may also help pre-adoption decisions. 

• PFA thus allows for capturing incremental technological 
changes in existing healthcare systems. 

Jo
urn

al 
Pre-

pro
of


