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Abstract

This paper evaluates the introduction of preventive home visits (PHV) for older people in Norway.
Their purpose is to support autonomy and independence as well as preventing disability and
nursing home admissions. We contribute to the literature by exploiting a natural experiment in
Norwegian municipalities. Our results show that the introduction of a PHV program significantly
changes the use of local public resources away from nursing homes, while increasing the utilization
of home-based care. Further, PHVs lead to a decline in hospital admissions by 8 percent - whereas
treatments for mental health conditions remain unaffected. Mortality is reduced by 4 percent in

the age group 80 and above.
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1 Introduction

The economics of long-term care (LTC) is receiving increasing attention both from the research
community and from policy makers due to the belief that an aging population will greatly in-
crease the demand for LTC services and become a large burden for public budgets. According
to OECD projections, public spending on LTC across European countries can be expected to
increase by as much as 70 per cent on average over the next four decades (OECD, 2016). This
trend is mirrored by trends in private spending and in informal care provision, which are likely
to follow a similar path. Although improvements in health among older people would decel-
erate this process — recent economic literature suggests that such improvements may have a

limited impact on LTC expenditures (cf. Karlsson et al., 2018, for a review of that literature).

Considering this outlook, it is natural that policy makers around the world exhibit an in-
creasing interest in preventive measures and interventions promoting the independence of
older people. The 2015 World report on ageing and health identified prevention and early detec-
tion of chronic disease as one key focus area for public health in general and for the LTC sector
in particular (WHO, 2015). This appeal to increased focus on prevention has been echoed by
various governments. The U.S. National Prevention Strategy calls for an increased availabil-
ity of clinical and community-based preventive services and home visiting programs (National
Prevention Council, 2011) and the Affordable Care Act introduced annual preventive care visits

for the older population (Chung et al., 2015).

However, the empirical evidence regarding many popular preventive and independence-
promoting interventions is either weak, fragmented or completely missing. The studies that do
exist are typically small and cover specific populations, which raises doubt about their external
validity and scalability. Also, the outcomes considered are often very narrowly defined both
in time and in scope. Thus, the lack of evidence regarding the effectiveness of preventive
interventions for older people remain a notable gap in the literature (Mayo-Wilson et al., 2014;
Moyer, 2012).

In this paper, we analyze the short-and long-term effects of a preventive home visit (PHV)
program for older people, which was rolled out in Norwegian municipalities during the past
two decades. The Norwegian PHV program has as its primary aim to promote independent
living among older people, and in particular to prevent a decline in functional capacity and

admissions into nursing home care (Toien et al., 2014). The main component of the program is



a visit by a health care worker — typically a nurse — who evaluates the older person’s physical
and mental health condition, and assesses the appropriateness of their home environment. The
visit is followed by a recommendation in each individual case — including suggested solutions
to problems that have been identified, and measures to prevent new problems from arising

(van Haastregt et al., 2000).

Using a variety difference-in-difference strategies, we estimate the effects of the program on
a range of outcomes. In a first step, we assess whether the program has had the intended effect
on resource allocation within the LTC sector. We find that the introduction of PHVs leads to a
substitution of home care for nursing home care: the effect size is around 2 percentage points
in the 80+ population (from a baseline of 18 per cent in nursing home care and 37 per cent in
home-based care). However, this reduction in care intensity does not come at the expense of
a deterioration in older people’s health. Quite to the contrary, the indicators of health that are
available suggest if anything an improvement in older people’s health: hospital admissions are
reduced by around 8 per cent, and mortality rates decline by 4 per cent in the years following
the introduction of PHVs. All our results are robust to a battery of robustness checks. In
addition, we show that the effects on health outcomes are stronger in municipalities with lower

average incomes.

Our paper contributes to several different strands of the literature. First, there is a large lit-
erature in economics studying the determinants of demand for and utilization of long-term care
services. Most empirical studies in this literature either estimate the impact of one particular
determinant on demand for services — e.g. income (Goda et al., 2011; Tsai, 2015) — whereas oth-
ers consider a multitude of determinants and evaluate their quantitative importance (de Meijer
et al., 2011; Balia and Brau, 2014). Hardly surprising, latter studies typically do confirm that
disability is a key determinant of LTC utilization. However, they do not ask the more funda-
mental question of whether this risk factor is malleable — which is what we set out to do in this
paper. Likewise, our paper contributes to the literature on substitutability between different
types of health and long-term care services (Orsini, 2010; Bakx et al., 2015; Mommaerts, 2008;
Costa-Font et al., 2016, 2018) by introducing an exogenous source of variation in the demand

for those services.

Second, our paper does, in a broader sense, contribute to the literature on the returns to
care technologies. In general, there is a strong case to be made for health care being an impor-

tant driver of improvements in life expectancy since around 1935 (Catillon et al., 2018). The

2



growing literature on early life health shows that a number of medical interventions can be
highly cost effective, when considering their immediate and long-term effects on health and
other outcomes (Bhalotra et al., 2016, 2017; Bharadwaj et al., 2013). For adults, results are more
mixed, as some innovations have been found to be highly cost-effective (Duggan and Evans,
2008) whereas others deliver questionable returns (Skinner et al., 2006). This holds in partic-
ular for preventive measures. Screening programs for certain conditions have been found to
be effective: Cutler (2008) attributes 35 per cent of the 1990-2004 reduction in cancer mortality
to screening. However, recent research has highlighted that promising results found in RCTs
might not scale to the overall population, considering the typically much lower compliance
rates (Kim and Lee, 2017). General health-screening programs have been found to be of little
value: Hackl et al. (2015) estimate that an Austrian program is associated with an increase in
costs but not with any discernible improvements in health.! Kim et al. (2017) report similar
findings for Korea and attribute the lack of impact to the very small behavioral responses to
the program. On the other hand, it has been argued that evidence-based screening programs
for older people may be effective (Chung et al., 2015). Our paper provides evidence suggesting

that this may indeed be the case.

Third, we contribute to a large and diverse literature in medicine, in particular in geri-
atrics and nursing, on the effects of preventive home visits for older people. A large number
of studies exist from a diverse set of countries such as the Netherlands (van Rossum et al.,
1993), Switzerland (Stuck et al., 2000), Canada (Dalby et al., 2000), and Denmark (Kronborg
et al., 2006) — and a wide range of different outcomes have been considered, such as mortality,
quality of life, psychosocial functioning, falls and admission to hospital or LTC institutions.
The typical study is conducted as an RCT with less than 1,000 participants in total. Despite a
large number of studies using similar designs in similar settings, no consensus has emerged
regarding the effectiveness of PHVs. A recent metastudy of 64 RCTs concluded that there is
no consistent evidence of benefits for the range of outcomes considered (Mayo-Wilson et al.,
2014). This finding contrasts to what has been reported in previous meta-studies, which report
improvements in mortality, functional status and admissions into LTC (Huss et al., 2008; Elkan
et al., 2001; Stuck et al., 2002). Our study makes two significant contributions to this literature:

first, it is population-based and thus representative for a much larger population than those

THowever, some caution is required here: as (Hall, 2011) points out, health is not the only outcome of interest in
an economic evaluation.



studied in RCTs. This alleviates concerns regarding external validity but also about selective
compliance outside the controlled environment of an RCT. Second, we are able to follow sub-
jects over a longer time period than most RCTs allow. This is of great importance since many

public health interventions tend to have effects that fade in the long run.

The rest of the paper is organized as follows. In the next section, we give an overview of
how long-term care to older people is organized in Norway, with particular focus on PHV and
their introduction. In Section 3 we present a simple theoretical model of the decision to intro-
duce PHVs in municipalities. In Section 4 we present the various administrative data sources
that we draw upon in our empirical analysis, and the estimation techniques we employ. Section
5 presents our empirical results — including analyses of effect heterogeneity and a number of
robustness checks. Section 6 discusses the main results emerging from the analysis and Section

7 concludes.

2 Institutional Background

2.1 Long-Term Care in Norway

In Norway, LTC is an integrated part of the extensive public health care system. In this sys-
tem, services are universally available, predominately financed by general taxes and publicly
provided (Magnussen et al., 2007; Karlsson et al., 2012). A fundamental ethical principle is that
access to health and LTC services should be determined by health needs only (Ringard et al.,
2013; Olsen, 2011).

The system is semi-centralized (Hagen and Kaarboe, 2006). The central government deter-
mines the rules and regulations that define the legal bounds of public funding and provision,
and the division of responsibility among government levels (Jien et al., 2012). Further, the cen-
tral government is directly responsible for the funding and provision of specialized health care
services. The responsibility of funding and provision of primary care services is decentralized
to the municipalities — the lowest level of government — of which there are 422 as of 2019 (428 in
2013) in total. Among the primary care services are social as well as community health services

provided to persons with LTC needs.

The LTC services the municipalities are required to provide can be broadly divided into

nursing and home-based care services. Nursing homes are medical institutions with around-



the-clock skilled nursing and care services. They are regulated with respect to staffing and
service levels. The service must include all necessary health and care services, board and lodg-
ing. Home-based care includes home nursing, practical home help and community housing.
Home nursing is a skilled nursing service provided to dependent persons living in their own
homes or in community housing (Fjertoft, 2012; Jien, 2014). Home helpers provide help with
instrumental activities of daily living such as cooking and cleaning. Community houses are
adapted for persons in need of LTC, and are predominately for persons who are no longer able
to live independently at home, but are not (yet) in need of nursing home care (Hagen et al.,
2011; Gien, 2014). Individuals, or any person acting on behalf of an individual, must submit
an application to the municipality to receive LTC services. Municipalities are restricted to al-
locating services according to health needs and independently of socioeconomic status and

potential informal care provided by relatives (Ringard et al., 2013; Jakobsson et al., 2016).
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Figure 1: Long-Term Care in Norway

Note: Figure 1 (a) shows utilization rates for the 80+ population. Source: Statistics Norway (2019)

The responsibility of municipalities to pay for LTC services is extensive. In 2010, public LTC
expenses comprised 3.2 percent of GDP, which makes LTC the largest municipal sector in terms
of share of total municipal spending (Hagen et al., 2011). Norway is among the countries in the
OECD that spends most on LTC as a share of GDP (Francesca et al., 2011). The large economic
burden of LTC and the concern that an aging population will increase future demand for LTC,
have led policy makers at different levels to focus more on measures that can prevent and

postpone care needs. One such measure is preventive home visits.



2.2 Preventive Home Visits

According to Norwegian legislation, municipalities are required to offer its citizens health-
promoting and disease prevention services (§3-2 Helse- og omsorgstjenesteloven, LOV-2011-06-
24-30 C.ER. (2012)). The requirement is implemented by providing information, advice and
guidance. The legislation is general in its nature. With the exception of public health centres for
children and their parents and school health care, it does not specify what measures to take, or
for what target populations. Although the central government recommends municipalities to
organize PHVs for older adults (Norwegian Ministry of Health and Care Services, 2016), it is up
to each municipality to decide whether they will use their resources for PHV or for other pre-
ventive measures. This is in contrast to the neighbour country Denmark where PHV for older
adults has been a mandatory offer since 1996 (borger.dk, 2017; Ferland and Skumsnes, 2017b).
The absence of specified preventive measures and targets groups in the Norwegian legislation
may be seen as a consequence of a strong tradition in Norway of local self-determination and

delegation of authority to the municipal level (Vike, 2017).

Within the tradition of local self-determination, the municipalities have chosen different
prevention strategies for the older population. A wide range of initiatives have been consid-
ered, such as establishing arenas for social participation; active partnership with families and
the voluntary sector; early detections of health problems; and establishment of early efforts to
solve such problems. Community work, group-based activities, and individual-based efforts
like PHV and reablement? are typical examples (Forland and Skumsnes, 2017b). All these lo-
cal programs can be categorized under the concepts of ‘productive ageing’ and ‘active ageing’.
‘Productive ageing’ refers to the potential for economically productive activities of older peo-
ple (Bass et al., 1993) and “active ageing’ to "the process of optimizing opportunities for health,
participation and security in order to enhance quality of life as people age” (WHO, 2015, 2002).
Both concepts have been prominent in the policy discourses of Western countries since the late
1990’s, promoting the adoption of healthy lifestyles, an extended work life, later retirement and

being active after retirement.

In Norway, a few municipalities introduced PHV already at the beginning of the 1990’s.
These efforts were initiated by dedicated professionals, most often nurses, occupation thera-

pists, physiotherapists and social workers who were inspired by Danish colleagues and mu-

2Reablement programs provide early and intensive home-based rehabilitation after functional decline, cf. Sec-
tion 5.4 below.



nicipalities. Together with the United Kingdom, Denmark has been a pioneer in this field in
Europe ever since the 1960’s (Toien, 2019). Nevertheless, it was only in the years after 2004 that
the diffusion of PHV in Norway took off, with a growth from 8 to 24 percent during the 2004-13
period. Roughly 47 percent of the introductions occurred after 2010 (Forland et al., 2015). The
municipalities where PHVs were not established reported a lack of resources and a shortage of
qualified staff as the most prominent reasons not to have established a programme — whereas
only few municipalities reported not seeing a need for PHVs (Ferland and Skumsnes, 2014).
Figure 2a shows the location of PHV programs in 2013 and Figure 2b shows their spread over

time.

The period of rapid growth in PHYV initiatives was also characterised by a consolidation
of the networks of devoted professionals in the municipalities. For example, annual national
conferences were established, which contributed to promoting the new preventive concept.
This in turn increased the interest of national authorities. The national government announced
in 2013 that it was going to oblige the municipalities to introduce PHV programs (Norwegian
Government, 2013). In the same year, the Ministry of Health and Care Services established a
three-year national plan to develop methods and models for PHV, and in 2016, they issued
a circular with a request to implement the concept (Norwegian Ministry of Health and Care

Services, 2016).

Thus, the first twenty years of PHVs in Norway were characterised by a gradual shift from
an entrepreneurial and local bottom-up implementation to a more centralized and top-down
governed policy by 2013. In addition, the diffusion of PHV programs reflect a growing influ-
ence of ideological trends related to concepts like preventive action; active care; active age-
ing; healthy ageing; autonomous ageing; and productive ageing in Norwegian municipalities
(Helse- og omsorgsdepartementet, 2009, 2013, 2015). It also coincided with growing worries
about the challenges brought by population ageing for the sustainability of the welfare state.
Interestingly, the motivation for PHVs also gradually shifted from a perspective focusing on
older people’s quality of life, to a view of PHV programs as a contribution to a sustainable

welfare state.
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Figure 2: Preventive Home Visits in Norway

Note: Figure 2 (a) shows a map of all Norwegian municipalities in 2013. Municipalities that have introduced PHV
in or before 2013 are highlighted in black. Source: Forland and Skumsnes (2014), own calculations.

PHV is an outreach service. The municipalities distribute information about PHV to ev-
ery individual in a target group, and ask whether the individual would accept a PHV or not
(Forland and Skumsnes, 2017a). This aspect makes PHV different from other municipal care
services, in which individuals must submit an application to the municipality to get access to
services.Within the national guidelines, the municipalities have a great degree of freedom in
how they design their PHV programs. Despite the discretion, the programs are homogeneous
in several crucial aspects. All the PHVs we study have the explicit aim of preventing nurs-
ing home admissions and reducing the need for formal home-based care (Forland et al., 2015;
Forland and Skumsnes, 2017a). Another common goal is early detection of health problems
by improving health literacy in the older population. The PHVs are always conducted by a
health care worker with extensive work experience and a tertiary degree; typically a nurse.
The overwhelming majority of municipalities offer home visits either to all residents in the tar-
get group, typically all 80-year-olds in the local community, or to all members of that group

who are currently not using any LTC service. The remainder typically narrows down eligibil-



ity to individuals for whom there is an indication (from GPs or elsewhere) that their condition
might deteriorate. The home visit normally lasts 60-80 minutes and is conducted as a health-
focused conversation. The topics covered in that interview may vary at the local level — but in
general, the same topics are covered almost everywhere: physical health, living arrangements,

safety at home, nutrition, social networks, aids, and activities (Forland and Skumsnes, 2014).

Eligible individuals are informed by the municipality per mail and phone. On average, 52
per cent of eligible individuals take up the offer of a PHV; however, the takeup rate varies quite
substantially across municipalities. In around a third of cases, the PHV results in a measure of
some kind — like a referral to a health care worker or adaptation of the person’s home (Forland

and Skumsnes, 2014).

3 Theory

In this section we sketch a simple theoretical model of the conditions for a PHV program being
welfare improving. Our point of departure is a model by Dave and Kaestner (2009) which in
turn is an adaptation of a model by Ehrlich and Becker (1972). We consider a consumer who can
invest in prevention (r) in order to reduce the probability of becoming disabled (7r). Disability
enters the elementary utility function via the capability function f (m) so that utility in a certain

disability state j equals

VIA-1)+fi(H -1-gq)Li—(1—k)r) (1)

where [ is income (which is assumed to be independent of disability), T is a proportional tax
rate, fj (H) is a concave function that represents how health translates into capabilities that
contribute to utility, g the government subsidy for long-term care, L; is the amount of long-
term care consumed in state j, k is the government subsidy for prevention and r is the amount
of preventive effort exerted. We allow for two disabled states, moderate and severe, and specify

the following expected utility function:

EU = (1 - 70 (1)) Vir (L(1 = ) + fou (Hi) = (1~ ) L — (1~ k) 7)

+ar)Vs(I(1=1)+ fs (Hs) = (1 =¢q) Ls = (1 = k) r)



where we realistically assume that d%gr) < 0 so that preventive effort reduces the probability

of becoming severely disabled. We further assume that the capabilities in the disabled states
are given by H; = L; — 6,Vj € {m,s}, where 0; is the underlying degree of disability (hence,

s > 6,,). We assume that the municipality runs a balanced budget given by
Tl =rk+ (1 —7m(r))qLy + 7 (r) gLs = rk + qL (2)

where L denote the per capita LTC costs.

We now solve the model first from the point of view of the individual and then from the
point of view of the municipality. We present second order conditions and some additional

results in Appendix A.1.

3.1 The Individual’s Problem

The individual takes decisions in two stages. When their degree of disability has been realised,
they decide on the amount of LTC to consume. This decision is thus dependent on the actual

state of disability and given by the first order condition

32 =[f'(H)-1-q]V/()=0, (3)

Since V/ (+) > 0 for all values the argument, the FOC can only be satisfied if f’ (H)—-(1-9q) =
0, which leads to the optimality criterion L} = (f’ ) T(1—q)+ 0. Thus, the demand for long-
term care depends on the shape of the capability function f, it increases in the subsidy g and
the degree of disability. As expected, the subsidy g leads to ex-post moral hazard so that an

amount of care is consumed which is greater than the optimal level.

Next, we consider the prevention decision r. This leads to the first order condition

PU o (Vo= V)~ (1=K [(1 - m) Vi 4 V] =0, @

The first term represents the utility gain from escaping disability, whereas the second term rep-

resents the costs of preventive effort. Clearly, the existence of a PHV program (k > 0) increases

the amount of preventive effort. Whether this increased prevention represents a distortion or

10



not will, however, depend on the amount of care consumed L;: if excessive amounts of care are

consumed, the PHV subsidy may be welfare-improving.
Appplying the implicit function theorem, we are able to study how the optimal choices r*

and L* respond to some of the parameters of the model: the PHV subsidy k, the LTC subsidy g

and the degree of severe disability 0.

aZ
dr S = [LaVl+ LV + (1= k) [(1 = 70) L Vi) + 7LV 0
dqg —  FEU PEU
or or
PEU
Ly oy Vi 0
R A7 e
L2
]
dr S mr[Vu+ VA (- ) VeV = (=R [ - ) Vi W]
dk —  2EU PEU >
or or
PEU
dLj Lok
dk ~  _®EU
(1)
9’°EU
drt _ goe, _ —ViH (LK) TV S
de. REU 92EU <
s or? or?
’EU
dly _ oree _ FVi 1o
o, ZEL - fUV]
L2

dL*
Thus, a public subsidy for LTC unabmiguously increases demand for LTC ( qu’ > 0) and re-

duces the demand for prevention (‘% < 0). The PHV subsidy increases demand for prevention
(= > 0) but does not affect the demand for LTC. Finally, the degree of severity 0; increases
demand for LTC — whereas the effect on prevention is ambiguous. The first term (— 77’ f/ V] > 0)
represents a utility gain from prevention: when the severely disabled state is worse, the utility
gain of escaping it increases. The second term ((1 — k) 7rf/ V!’ < 0) represents the perceived

costs of prevention, which also increase when the severely disabled state gets worse.

In Appendix A.1 we also introduce the prevention effectiveness parameter 8, which cap-
tures exactly how the probability of disability 7t responds to prevention effort r. As it turns out,

the effect this parameter has on preventive effort is also ambiguous.
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3.2 The Municipality’s Problem

We assume that the municipality’s objective is to maximize welfare, conditional on the behavior
of individual residents and on the LTC subsidy g set by the federal government.®> Inserting
the municipality’s budget constraint into the individual’s objective function thus gives us the

municipality’s objective, which we denote W:

W=0-m)Vu(IQ=7)+ fiu(Hu) —(1—q)Lu— (1 —k)r —rk —gL)

£V (I(1 =)+ fo (Hy) — (1— q) Ly — (1~ k) r — 7k — L)

Now, taking the derivatives with respect to the subsidy k, we get

dW _ oW owdr _awdr
dk ok or dk  or dk

B dL\ dr* S
__<k+qd1’*> dk [(1_7T)Vm+7TVS] =0

Since the term in the square bracket is positive by assumption, the FOC can only be satisfied if

(k + qjﬁ) = 0, which leads to the optimal subsidy of prevention given by

dL

k= T

Thus, the optimal subsidy is, first of all, dependent on the subsidy of long-term care g. If
long-term care is paid completely out-of-pocket (g = 0), then the individual has correct incen-
tives to engage in preventive effort, and a subsidy of such effort will not be welfare improving.
Furthermore, responsiveness of per-capita care spending (L) to preventive effort also justifies a

higher subsidy.

3We do not model the national government’s decision on g but note that it represents a rather standard moral
hazard problem, where the insurance motive calls for a large subsidy whereas the moral hazard problems call for
some degree of cost-sharing. It is thus likely that the optimal solution will have g € (0, 1).

12



Next, consider how the subsidy depends on parameters representing severity (0s) and ef-

fectiveness of prevention (B). Again, applying the implicit function theorem, we have

. PW dL;
dk* _ Gwe _ 7@ —q7 >0 (5)
dos 2w PW T 2w
K2 xR K2
2 / % %
ak gy __—qap (L -L) ;
dap -~ W PW = (©)
e e

Hence, even though we cannot sign unambiguously how individual behavior responds
to these parameters, the optimal subsidy increases in both severity of disability and in the

effectiveness of prevention.

3.3 Concluding Remarks

This section has made a number of points regarding the economic rationale for a PHV program.
First, we have argued that the introduction of a PHV program may be welfare improving if
there is a subsidy for LTC in place which leads to ex post moral hazard in the consumption
of LTC. Second, we have shown that though the individual’s response to policy parameters
are unambiguous and go in the expected direction, it is theoretically unclear how individuals
adjust their preventive effort to changes in severity of disability, and to the effectiveness of
prevention effort. Third, we have shown the conditions under which the municipality would
decide to introduce a PHV program in the current setting. This decision would depend on
a number of factors. First, the greater the subsidy for LTC is, the stronger is the economic
case for a PHV. However, the rationale for PHVs also depend on how responsive per-capita
LTC expenditure is to preventive effort. Accordingly, the benefits of a PHV programme would
be smaller in a municipality where there are small differences in LTC consumtion between
different disability states. Likewise, a PHV program would be less attractive in municipalities
where there is relatively little heterogeneity in disability among older people. Finally, a PHV
program is obviously less attractive when the preventive effort is less effective in reducing the

probability of disability.

13



4

Share of Municipalities
/80+ Population
2

O_

Q& Q& Q& Q&
QO @\) QO @\) QO @\) QO @\)
Treatment Control Other No Data

Figure 3: Share of Municipalities /80+ Population by Group

4 Data and Method

We use a range of different administrative datasets to estimate the impact of PHVs. In this
section we describe the datasets used, provide some descriptives, and present our empirical
strategy. Our unit of analysis is a municipality, and therefore all the datasets consist of annual
observations at the municipality level. Summary statistics for our analysis sample are provided

in Table 1. In Table 2 we show variable means at baseline by treatment assignment.

4.1 Treatment Assignment

The information on preventive home visits in Norway is based on a survey of all 428 Norwe-
gian municipalities carried out in 2013 (Ferland and Skumsnes, 2014). A total number of 386
municipalities (90.2% of all) answered the questionnaire and the answers of 378 municipalities
(88.3% of all) are available. More than one fifth of all Norwegian municipalities (21.7%, 93 mu-
nicipalities) stated to have already introduced a preventive home visits program in or before

2013.

In order to get a homogeneous treatment group with regard to the components of the treat-
ment, we focus on municipalities which implemented PHVs targeting the oldest old (80+) pop-

ulation. This definition includes municipalities that offer their services exclusively to all resi-
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dents at and above 80 years, as well as those municipalities where the service is only provided
to individuals aged 80+ and only on demand. This group consists of 30 municipalities (7.0% of

all municipalities).

A municipality is included in the analysis if the outcome variable (see below) is observed
in all periods from 1994 to 2014.* The treatment group is defined as the group of municipal-
ities that introduced a PHV program after 1994 and before 2014 so that each municipality is
observed in at least one period before and one period after the introduction of the treatment.
Further, a treatment group municipality is excluded from the analysis if its population is larger
than the largest control group municipality. This additional restriction is necessary for several
reasons: first, the largest cities in Norway have LTC systems which are decentralized to district
units, and thus the actual treatment assignment at the individual level cannot be recovered. In
addition, all the largest cities are in the treatment group and these cities differ significantly from
the other municipalities in terms of economic performance as well as demographic character-
istics and thus we will not achieve covariate balance between treatment and control groups if
these cities are included.

The potential control group consists of 175 municipalities (40.9% of all municipalities) that

neither introduced a PHV program, nor planned to introduce one.”

4.2 Outcome Variables

In the empirical analysis, we consider two types of outcome variables, all of which are defined
for the oldest old (80+) population at the municipality level. The first group of outcomes con-
sists of variables which represent resource use in the LTC sector: real per-capita expenditure on
nursing homes (Expenditure NH) and for home-based care services (Expenditure HB); utilization

rates for nursing homes (Utilization NH) and home-based care (Utilization HB), respectively.®

The second group of outcomes capture the extent to which the PHVs had the desired effects
on older people’s health: the number of hospital admissions (Hospital Admissions) and hospital
days (Hospital Days) per capita; as well as age-adjusted mortality rates (Mortality) and hospital

admissions due to mental health problems (Mental Health). In the empirical analysis we take

4For expenditure variables, we require that the outcome is observed throughout the 2003-14 period.

5The exact definition of the treatment and control groups depends on data availability and the observed period
so both groups can actually be smaller in the actual analysis.

®Expenditure NH and Expenditure HB are observed in the period 2003-2014. In- and out-patient admissions at-
tributable to mental health conditions are only observed in 2000 - 2014.
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Table 1: Summary Statistics

Obs. Mean Std. Dev. Min. Max.
Outcome Variables
Expenditure NH Care (in 1,000 NOK) 1,704 7.1367 2.8847 1.9495 21.2235
Expenditure HB Care (in 1,000 NOK) 1,704 8.4814 3.6145 2.1781 44.2228
Utilization NH Care 2,877 14.7076 4.9082 0 55.6604
Utilization HB Care 2,877 37.1487 7.1152 4.6921 76.9531
Hospital Admissions 3,045 0.5980 0.1632 0.1357 2.7511
Hospital Days 3,045 3.6759 1.1411 0.7739 28.8773
Mortality 3,045 0.1126 0.0220 0.0390 0.3095
Mental Health 2,175 0.0137 0.0136 0 0.1270
Covariates
Economic Indicators
Average Income (in 1,000 NOK) 3,045 260.1885 774949  120.4000  587.7000
Unemployment (Females) 3,045 0.0193 0.0090 0.0018 0.1370
Financial Capital (in 1,000 NOK) 3,045 218.2279  112.8662 55.6000 1409.9994
Real Capital (in 1,000 NOK) 3,045 201.6377 84.1359 69.8000  624.2001
Property Transfers 3,045 0.0119 0.0052 0.0004 0.0450
Demographic Indicators
Share Females 3,045 0.4993 0.0081 0.4489 0.5198
Share Secondary or Higher Education 3,045 0.6447 0.0666 0.3760 0.7840
Live Births 3,045 0.0115 0.0022 0.0022 0.0209
Net Migration 3,045 0.0029 0.0090 -0.0839 0.0536
Share European Immigrants 3,045 0.0281 0.0181 0.0010 0.1852
Share Non-European Immigrants 3,045 0.0178 0.0131 0 0.0956
Naturalizations 3,045 0.0015 0.0012 0 0.0148
Population Increase 3,045 0.0045 0.0107 -0.0709 0.0941
Population Density 3,045 57.7984 94.7880 0.3002  500.9767
Marriages 3,045 0.0043 0.0011 0 0.0110
Divorces 3,045 0.0020 0.0007 0 0.0063
Share Living in Densely Populated Areas 3,045 0.6272 0.2288 0 0.9965
80+ Population 3,045 613.1579  522.2280 34 2548
Other
Vote Share Left-Wing Parties 3,045 0.4492 0.1101 0.1707 0.8042
Plantings 3,045 0.0093 0.0112 0 0.0562

All values are weighted by pre-treatment average 80+ population. Utilization is measured in percent
of the 80+ population, all other outcomes variables are measured as per capita of 80+ population. Ex-
penditure variables are available for the period 2003-2014, and mental health information is available
for 2000-2014. All covariates are expressed in per capita terms. Financial Capital, Real Capital and Trans-
fers are are lagged by one year. Source: Statistics Norway (2019), Norwegian Centre for Research Data
(2019), and Fiva et al. (2015).

the natural logarithm of these outcomes. The hospital outcomes were collected from the Nor-
wegian Patient Registry (NPR). We defined mental health admissions as all in- and out-patient

admissions where the main diagnosis code is in the range F00-69 (ICD10).”

"The data from NPR is aggregated to the municipality level under the ethics approval granted by the Regional
Ethics Committee South East, Norway (ref. 2013/796b and 2016/1687) and the Norwegian Data Inspectorate (ref.
13/00993 and 17/00115)
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Table 2: Baseline Averages by Groups

Treatment Control  Not Included
Outcome Variables
Expenditure NH Care (in 1,000 NOK) 5.9081 6.0826 6.4393
Expenditure HB Care (in 1,000 NOK) 4.9780 5.9709 5.0399
Utilization NH Care 17.7912 15.2094 16.1140
Utilization HB Care 36.7595 39.4726 37.7228
Hospital Admissions 0.5237 0.5577 0.5872
Hospital Days 3.3630 3.8253 4.5213
Mortality 0.1160 0.1244 0.1199
Mental Health 0.0093 0.0102 0.0228
Covariates
Economic Indicators
Average Income (in 1,000 NOK) 221.6995  210.9011 248.9195
Unemployment (Females) 0.0152 0.0174 0.0176
Financial Capital (in 1,000 NOK) 172.5849  148.5398 218.4140
Real Capital (in 1,000 NOK) 151.2670  140.8042 141.3711
Property Transfers 0.0123 0.0100 0.0132
Demographic Indicators
Share Females 0.5004 0.5002 0.5076
Share Secondary or Higher Education 0.6532 0.6202 0.6801
Live Births 0.0121 0.0122 0.0136
Net Migration 0.0047 0.0030 0.0014
Share European Immigrants 0.0218 0.0205 0.0313
Share Non-European Immigrants 0.0112 0.0115 0.0367
Naturalizations 0.0011 0.0011 0.0029
Population Increase 0.0068 0.0045 0.0050
Population Density 50.2343 56.4076 460.5162
Marriages 0.0048 0.0050 0.0059
Divorces 0.0020 0.0019 0.0024
Share Living in Densely Populated Areas 0.6186 0.6168 0.8140
80+ Population 490.5009  592.5662  7488.4568
Other
Vote Share Left-Wing Parties 0.4149 0.4448 0.4324
Plantings 0.0107 0.0120 0.0085

All values are group-specific averages for the baseline period 2000 (2003 in case of expenditure variables,
weighted by the pre-treatment average 80+ population. Treatment and Control are the treatment and control
group municipalities as defined in subsection 4.1, and Not Included contains all municipalities on which informa-
tion is available but that are excluded from the analysis due to different constraints (largest five municipalities,
municipalities with different PHV target group or PHV introduction planned, or not sufficient pre- or post-
treatment periods available). Utilization is measured in percent of 80+ population, all other outcome variables
are measured as per capita of 80+ population. Expenditure variables are available for the period 2003-2014, and
mental health information is available for 2000-2014. Source: Statistics Norway (2019), Norwegian Centre for

Research Data (2019), and Fiva et al. (2015).
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4.3 Covariates

Our analysis sample includes of a number of covariates, which are also measured at the mu-
nicipality level. They are provided by Statistics Norway (Statistics Norway, 2019), Norwegian
Centre For Research Data’s regional data base (Norwegian Centre for Research Data, 2019),
and the Local Government Dataset by Fiva et al. (2015). These covariates can be grouped into
three categories, economic indicators, demographic indicators, and political/other indicators; the cor-
responding summary statistics and baseline averages can be found in the lower parts of Tables

1 and 2.

Among the economic indicators, Average Income denotes average gross income (wages, pen-
sions and capital income) of all residents 17 years and older, and Unemployment (Females) is the
share of unemployed females aged 15 to 74 in the total female population aged 15 to 74. Finan-
cial Capital and Real Capital are expressed as NOK per capita and taken from the municipality’s
balance sheet of the previous year. Transfers is the lagged number of dwelling property trans-

fers, defined as the number of transactions per capita.

The variable Share Females captures the share of females in the total population, and Share
Secondary or Higher Education is measured as the proportion of graduates in the population
aged 16 and above. Live Births is the total number of live births per capita. Three variables
on migration are considered, Net Migration, Share European Immigrants, and Share Non-European
Immigrants. The first is defined as immigration minus emigration divided by total population
size, and the latter are the shares of immigrants from specific areas in the total population.
Naturalizations is also measured as the number of citizenships granted per capita. Population
Increase is the proportional increase in the municipality population in a year, and we define
Population Density as population per km?. Marriages and Divorces are measured as per capita
rates, and Share Living in Densely Populated Areas denotes the number of inhabitants in densely

populated areas divided by the total municipality population.

In the last category, the variable Vote Share Left-Wing Parties is defined as the share of valid
votes for a left-wing party among all valid votes in the last municipal election. Plantings cap-

tures forest planting measured in 1,000 plants per capita.
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44 Method

In our main analysis, we estimate the effect of the PHV program on various municipality-level
outcome variables using a difference-in-differences (DID) strategy with and without munici-

pality fixed effects. Our main specifications are thus

Yot = At + BPHV,, + T (PHV,, X Postyy) 4 XLy + emt @)

Ymt = )\t —+ Um +T (PHVm X POStmt) + X;”t’)’ —+ Emt (8)

where Y, indicates the outcome variable for municipality m in year ¢, A is a set of year dum-
mies, PHV,, is a binary variable taking on the value 1 in case municipality m belongs to the
treatment group and 0 otherwise, the dummy Post,,; equals 1 for each post-treatment year, X’
is a vector of covariates, and ¢, is the error term. The standard errors are clustered at the mu-
nicipality level and the regressions are weighted by the size of the local 80+ population. y is a

set of municipality fixed effects.

The identifying assumption is that in the absence of a PHV program, the trajectory of the
outcome Y,; would have been parallel to the corresponding trends in the control group. If the
identifying assumption holds, the DID estimate T represents the causal effect of the introduc-

tion of a PHV program in the treated municipalities (ATT).

There are two main rationales for including covariates X/, in a DID design. First, the com-
mon time trend assumption may only hold after conditioning on some control variables. Sec-
ond, the inclusion of covariates with explanatory power can improve the precision of estimates.
As we will show below, there is no evidence suggesting that conditioning makes the common
trend assumption more likely to hold. Therefore, we control for a selective set of covariates in
our main specifications, and test the sensitivity of results to the set of conditioning variables in

a robustness check.

5 Results

5.1 Evidence Supporting Identification

Balancing tests. As a test of the identifying assumptions, and as a device to choose the appro-

priate specification, we provide balancing tests for a number of municipality-level variables
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which are unlikely to be affected by the intervention. We consider three different specifica-
tions; the first is a simple DID specification defined in analogy with equation (7) but without
covariates. Second, we adapt the fixed-effects specification in equation (8). Third, we estimate

a fixed-effects specification with linear municipality-specific trends:
XD = At + i + i X £+ T (PHV,, X Postyy) + €. )

Results are presented in Table 3. The first column presents the correlation between treatment
status and covariates measured at baseline, whereas the following three columns present es-
timates from the three specifications mentioned above. Cleary, PHV programs are not intro-
duced at random: treatment status correlates with a number of variables that capture the eco-
nomic conditions in a municipality: having a PHV program at the end of the observations
period is positively associated with baseline incomes, education levels, municipal assets, and a
couple of other indicators. This is not an issue for our analysis, since it only requires a common
time trend. Nevertheless, we conduct robustness checks using synthetic control groups, which

ensure that the control group is similar also in terms of levels.

Apparently, all covariates are balanced in the basic DID (column (1)) and Fixed Effects (col-
umn (2)) specifications. Since we are conducting 19 tests in total, this is fairly compelling
evidence that there are no other events at the municipality level that coincide with the PHV
intervention. For the specification with municipality-level trends (column (3)), the estimated
“effects” are significant at the ten per cent level in two instances. This would not lead to the
rejection of a hypothesis that the covariates are jointly unrelated with the treatment;® however,
considering the even better performance of the two more parsimonius specifications, we con-
clude that these two specifications are most appropriate. We choose model (8) as our preferred
specification as it also robust to unobserved time-invariant heterogeneity at the municipality

level.

Event studies. A key identifying assumption is that in the absence of treatment, the treated
and control municipalities would have followed a common time trend. It is thus important to

compare the treatment and control groups’ time trends before the treatment. We estimate event

8The p value for 2 marginally significant (10%) results in 19 independent tests would equal 0.58.
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Table 3: Balancing Tests

Baseline DID DID-FE DID-FE + Trends
1) 2 (©) (4)
Unemployment (Females) -0.0031* 0.0006 0.0011 —-0.0001
(0.0017) (0.0012) (0.0012) (0.0012)
Share Females —0.0005 0.0003 —0.0005 —-0.0011
(0.0017) (0.0013) (0.0009) (0.0007)
Share Secondary or Higher Education 0.0343** 0.0036 —-0.0018 0.0021
(0.0155) (0.0098) (0.0029) (0.0014)
Vote Share Left-Wing Parties -0.0477* —-0.0152 0.0139 —-0.0004
(0.0264) (0.0206) (0.0116) (0.0085)
Live Births 0.0001 0.0001 0.0001 -0.0004
(0.0003) (0.0003) (0.0002) (0.0003)
Real Capital 0.0668* 0.0113 0.0317 0.0063
(0.0359) (0.0399) (0.0300) (0.0345)
Financial Capital 0.1374*** 0.0397 -0.0259 —-0.0092
(0.0488) (0.0366) (0.0238) (0.0186)
Property Transfers 0.0020** 0.0008 0.0008 -0.0005
(0.0010) (0.0014) (0.0006) (0.0009)
Share European Immigrants 0.0009 0.0032 0.0040 0.0010
(0.0021) (0.0025) (0.0033) (0.0020)
Share Non-European Immigrants -0.0002 —0.0003 0.0001 —-0.0003
(0.0015) (0.0018) (0.0017) (0.0007)
Average Income 0.0445* —-0.0045 -0.0014 —-0.0032
(0.0265) (0.0192) (0.0080) (0.0058)
Population Increase 0.0024 —-0.0016 —0.0006 -0.0030*
(0.0019) (0.0020) (0.0012) (0.0017)
Divorces 0.0000 0.0000 0.0000 0.0000
(0.0001) (0.0001) (0.0001) (0.0001)
Marriages 0.0000 0.0002 0.0001 0.0001
(0.0002) (0.0002) (0.0001) (0.0002)
Naturalizations —-0.0001 0.0000 —-0.0001 0.0001
(0.0001) (0.0001) (0.0001) (0.0001)
Plantings -0.0007 —-0.0033 0.0006 0.0005
(0.0049) (0.0027) (0.0011) (0.0011)
Share Living in Densely Populated Areas 0.0050 —-0.0093 0.0047 0.0026
(0.0484) (0.0384) (0.0081) (0.0047)
Net Migration 0.0020 —-0.0019 -0.0011 -0.0027*
(0.0016) (0.0016) (0.0011) (0.0016)
Population Density —6.4635 —5.4528 1.7322 0.6477
(20.0261) (10.3020) (3.3803) (0.9450)
80+ Population -93.0577 —46.9433 -7.7702 14.5319
(106.4595) (53.9647) (23.8213) (10.4597)
Year-Fixed Effects v v v v
Municipality-Fixed Effects v v
Municipality-Level Trends v

Baseline denotes the coefficient of regressing the specific covariate on the treatment group indicator in the
common pre-treatment period 1994-2000. Estimates indicate the coefficients of the post-treatment variable
in a regression of the specific covariate on the post-treatment indicator (and a treatment group indicator in
the Difference-in-Differences specification). All regressions are weighted by the average population aged
80+ in the period 1994-2000. Standard errors clustered at the municipality level in parentheses. * p < 0.1,

**p <0.05,*** p < 0.01.
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study graphs specified as

Yot = At + pon + PHV _Intro, T + Xy + € (10)

where Y indicates the respective outcome variable for municipality m in year t, Ay and p,, are
sets of year- and municipality-fixed effects, and PHV _Intro,,; specifies a set of lags and leads
regarding the year of PHV introduction with T as corresponding coefficient vector. Regressions
are weighted by the 80+ population and standard errors are clustered at the municipality level.
In case the pre-treatment coefficients in T are close to zero, it appears plausible that treatment
and control group municipalities would follow a common trend in the absence of treatment.
The graphs are presented in Figures Al and A2. In each graph, we label coefficients as ‘bal-

anced’ if all treated units contribute to them.

Almost all pre-treatment coefficients are insignificant; only Figures A2a and A2d have one
significant pre-treatment coefficient each. Since we are estimating 40 pre-treatment parameters,

this finding is consistent with the common time trend assumption.

Pre-Trends. In order to further gauge the plausibility of the common time trend assumption,
we formally tested whether the treated municipalities had deviating linear pre-trends by esti-

mating the two specifications

Yt = At + BPHV,, + 01t + 6,PHV,, X t+ X5y + €, (11)

Yot = At + i + 61t + 6PHV,, X £+ X,y + et (12)

for the common pre-treatment period. According to the results presented in Table 4, none of
the outcomes exhibits significantly deviating trends. We conclude that the common time trend

assumption appears to be plausible.

5.2 Main Results

Next, we turn to results from a regression analysis according to specifications (7) and (8). Re-
sults for all outcome variables are provided in Table 5. Results for outcomes representing re-
source allocation within the LTC sector are presented under the headings ‘Expenditure” and
“Utilization’. We find clear evidence suggesting that the PHVs had the intended effect on these

variables: nursing home utilization is reduced by two percentage points whereas the utiliza-
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Table 4: Test of Pre-Trends

Expenditure Utilization Hospital Mortality =~ Mental Health
NH Care HB Care NH Care HB Care Admissions Days
) @ G @ ©) (6) @) ®
Basic DID
Year 0.0351*** 0.0901*** -0.2574* 1.6176*** 0.0109* 0.0083 -0.0073 0.0016"**
(0.0047) (0.0094) (0.1551) (0.4152) (0.0061) (0.0075) (0.0091) (0.0006)
Treated x Year -0.0082 -0.0021 0.2323 0.1028 -0.0016 -0.0093 -0.0023 -0.0014
(0.0096) (0.0136) (0.2062) (0.2831) (0.0122) (0.0093) (0.0064) (0.0009)
Fixed Effects
Year 0.0194 0.1003*** -0.0126 1.5039* -0.0046 0.0043 -0.0239 0.0016**
(0.0292) (0.0220) (0.2718) (0.7808) (0.0150) (0.0167) (0.0176) (0.0006)
Treated x Year -0.0076 -0.0099 0.2319 0.0948 -0.0047 -0.0117 -0.0004 -0.0014
(0.0103) (0.0111) (0.1962) (0.2982) (0.0108) (0.0083) (0.0066) (0.0009)
Year-Fixed Effects v v v v v v v v
Covariates v v v v v v v v
NTreatment 15 15 18 18 19 19 19 19
NControl 126 126 119 119 126 126 126 126
Obs. 846 846 959 959 1015 1015 1015 568

All regressions are weighted by the average population aged 80+ in the period 1994-2000. Standard errors clustered at the municipality level
in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. NTreatment and NConrol are the number of treatment and control group municipalities,
respectively. Obs. is the total number of observations used for estimation. Only the common pre-treatment periods 2003-2008 for expendi-
ture variables (one municipality excluded to obtain sufficient pre-treatment years) and 1994-2000 for all other outcomes are included. Treated
indicates whether a municipality belongs to the treatment group.

Table 5: Results

Expenditure Utilization Hospital Mortality Mental Health
NH Care HB Care NH Care HB Care Admissions Days

) @ ®3) 4 ©®) (6) @) ®
Basic DID
Post-Treat. 0.0556* 0.0421 —2.2887* 3.2194** -0.0897* -0.0381 -0.0441*** 0.0017

(0.0297) (0.0476) (1.2386) (1.4432) (0.0470) (0.0757) (0.0146) (0.0020)
Fixed Effects
Post-Treat. -0.0262 -0.0019 -1.9008** 1.6210* -0.0838** -0.0926 -0.0359*** 0.0019

(0.0207) (0.0299) (0.8260) (0.8395) (0.0423) (0.0668) (0.0123) (0.0021)
Year-Fixed Effects v v v v v v v v
Covariates v v v v v v v v
Baseline 5.9081 4.9780 17.7912 36.7595 0.5237 3.3630 0.1160 0.0093
NTreatment 16 16 18 18 19 19 19 19
NControl 126 126 119 119 126 126 126 126
Obs. 1704 1704 2877 2877 3045 3045 3045 2175
Multiple Testing p-Value (DiD) 0.2994 0.6248 0.1737 0.0639 0.1737 0.6347 0.0060 0.6208
Multiple Testing p-Value (FE) 0.5888 0.9441 0.0719 0.1317 0.1257 0.1697 0.0120 0.3992

All regressions are weighted by the average population aged 80+ in the period 1994-2000. Standard errors clustered at the municipality level in parentheses.
Covariates are selected in order to maximize the corresponding treatment coefficient’s precision. * p < 0.1, ** p < 0.05, *** p < 0.01. Baseline denotes the
year 2000 average (2003 for expenditure variables) of the outcome in the treatment group, and N7t and NCo#rl are the number of treatment and
control group municipalities, respectively. Obs. is the total number of observations used for estimation. Multiple Testing p-Value denotes the Romano and
Wolf (2005a) p-values for the fixed effects an difference-in-differences approach, respectively, using 500 repetitions.

tion of home-based care increases by roughly the same amount. In relative terms, the reduction
in nursing home use corresponds to a ten-percent decline compared to baseline. There is some
evidence of a reduction in nursing home expenditure in the long term (cf. Figure Ala) but this
effect does not attain statistical significance at conventional levels. The effects on home-based
care expenditure are uniformly small and insignificant. This absence of effects on home-based
care costs may either reflect a more efficient selection of older people into care services, or imply

that the average user would receive less intense care after the introduction of a PHV program.

Results for the outcome variables representing older people’s health are presented in columns

(5)-(8). We find evidence suggesting reductions in hospital admissions: the reduction corre-
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sponds to an eight-percent decline. Also mortality rates decline by about 4 percent. On the
other hand, the effect on mental health admissions is positive at 0.2%. This effect is insignifi-

cant but precise, so that we can rule out improvements by more than 0.2%.

Since we test 8 hypotheses for each specification, we further provide adjusted p values
according to the approach introduced by Romano and Wolf (Romano and Wolf (2005a) and
Romano and Wolf (2005b)). This leads to slightly increased p values for the nursing home
utilization variables — which however is still statistically significant at the ten per cent level.
For mortality the results remain significant at the five per cent level, whereas the effects on
home-based care utilization and hospital admissions are a bit more sensitive to the correction

for multiple testing.

5.3 Effect Heterogeneity

In the previous analysis we focused on the average effects of the prevention program. We now

study effect heterogeneity across different types of municipalities.

Municipality Characteristics. In a first set of heterogeneity analyses, we consider munici-
pality characteristics that help us to understand what segments of the older population are
particularly likely to benefit. We decided to focus on three such municipality-level variables:
Average Income, Share Secondary or Higher Education, and Population Density. To analyze effect
heterogeneity, we center the specific variables around the annual mean within the treatment
group and include an interaction with the post-treatment variable in order to evaluate how the
treatment effects vary in case the specific variable deviates from the mean. The corresponding

results can be found in Table 6.

There is some evidence that the treatment effect on some variables varies with average in-
come. In municipalities with higher average income, a PHV introduction appears to increase
home-based care expenditure whereas it has no significant effect for municipalities with an
average income around the annual treatment group mean. The results suggest that a one per
cent increase in municipal income leads to a PHV effect of 0.6 per cent. Further, the signif-
icant reductions in hospital admissions and mortality appear to be especially pronounced in

low-income municipalities.

Our results also indicate that in municipalities with a highly educated population, preven-

tive home visits are especially effective in increasing home-based care utilization. This may
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Table 6: Heterogeneity by Municipality Characteristics

Expenditure Utilization Hospital Mortality Mental Health
NH Care HB Care NH Care HB Care Admissions Days
1) (@3] ©) 4) () (6) (7) (8)
Income
Post-Treat. -0.0268 0.0028 -1.9554** 1.6267* —-0.0797** —-0.0931 —-0.0386"** 0.0019
(0.0202) (0.0258) (0.7970) (0.8536) (0.0405) (0.0685) (0.0143) (0.0021)
Income -0.0014 0.0010 -0.0072 0.0267 0.0001 0.0044 0.0012 0.0002
(0.0029) (0.0026) (0.0420) (0.0605) (0.0023) (0.0029) (0.0014) (0.0002)
Post-Treat. x Income 0.0007 0.0056* -0.0717 0.0286 0.0047** 0.0030 0.0046** 0.0000
(0.0015) (0.0032) (0.0722) (0.0630) (0.0022) (0.0042) (0.0020) (0.0002)
Education
Post-Treat. —-0.0245 -0.0032 -1.8713** 1.3451 —-0.0798** —-0.0968 —-0.0329*** 0.0018
(0.0212) (0.0306) (0.8179) (0.8274) (0.0389) (0.0652) (0.0127) (0.0020)
Education 0.0096 0.0045 0.0182 0.0030 0.0014 —-0.0010 0.0069* 0.0006
(0.0118) (0.0079) (0.1655) (0.1920) (0.0081) (0.0088) (0.0039) (0.0006)
Post-Treat. x Education -0.0017 0.0065 -0.0344 0.2829* —-0.0028 0.0007 0.0015 0.0004
(0.0032) (0.0055) (0.1342) (0.1581) (0.0060) (0.0104) (0.0027) (0.0003)
Population Density
Post-Treat. —-0.0225 —-0.0001 -1.8756** 1.7244** -0.0818* —-0.0956 —0.0416*** 0.0019
(0.0210) (0.0276) (0.8190) (0.8016) (0.0430) (0.0673) (0.0133) (0.0022)
Pop. Density -0.0013 0.0001 0.0226 —-0.0199 —0.0002 -0.0013 —0.0001 0.0000
(0.0021) (0.0015) (0.0178) (0.0283) (0.0014) (0.0029) (0.0006) (0.0001)
Post-Treat. x Pop. Density 0.0002 0.0005** -0.0013 0.0102 0.0002 0.0002 0.0001 0.0000
(0.0002) (0.0002) (0.0079) (0.0069) (0.0003) (0.0006) (0.0001) (0.0000)
Year-Fixed Effects v v v v v v v v
Municipality-Fixed Effects v v v v v v v v
Covariates v v v v v v v v
Baseline 5.9081 4.9780 17.7912 36.7595 0.5237 3.3630 0.1160 0.0093
N Treatment 16 16 18 18 19 19 19 19
[N Control 126 126 119 119 126 126 126 126
Obs. 1704 1704 2877 2877 3045 3045 3045 2175

All regressions are weighted by the average population aged 80+ in the period 1994-2000. Standard errors clustered at the municipality level in paren-
theses. Covariates are selected in order to maximize the corresponding treatment coefficient’s precision. * p < 0.1, ** p < 0.05, *** p < 0.01. Baseline
denotes the year 2000 treatment group outcome average (2003 for expenditure variables), and NT"ent and NCo#r! are the number of treatment and
control group municipalities, respectively. Obs. is the total number of observations used for estimation. Income, Education, and Pop. Density correspond
to the variables Average Incomex100, Share Secondary or Higher Educationx100, as well as Population Density centered around the annual treatment group
means.

be a demand-side effect, to the extent that well-educated individuals — be it the PHV recipient
themselves or their children — are better at articulating their demands to the visiting health
care professional. Considering that the standard deviation in our education measure (share of
population with secondary or higher education x100) equals 6.66, having a one standard de-
viation larger share of highly educated individuals is associated with an increase in utilization

comparable to the average effect.

Finally, we note that there is little evidence of heterogeneity with regard to population den-
sity: only for home-based care expenditure do we note a larger increase in densely populated
municipalities. Since there are no parallel differences in the utilization effects, this effect on
costs may be driven by the higher wages in densely populated areas.

Treatment Intensity. As a proxy for treatment intensity within the PHV program, we exploit
information on the average length of home visits (available for all municipalities but one). The
corresponding distribution is shown in Figure 4. This allows us to determine how the treatment

effect depends on visit duration. Table 7 presents the results; Post-Treat. denotes the treatment
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effect at the lowest average length of 30 minutes, and Post-Treat. x Duration is the effect of each

additional minute.

Table 7: Treatment Intensity

Expenditure Utilization Hospital Mortality Mental Health
NH Care HB Care NH Care HB Care Admissions Days

1) (2) ©) 4) ) (6) ) 8)
Post-Treat. 0.0058 -0.1438* —-2.7145* —0.7242 -0.0907 —0.3139*** -0.0517** 0.0060

(0.0525) (0.0761) (1.4704) (1.1472) (0.0616) (0.0703) (0.0260) (0.0040)
Post-Treat. x Duration —0.0006 0.0032*** 0.0331 0.0496** 0.0002 0.0054** 0.0000 -0.0001

(0.0010) (0.0012) (0.0257) (0.0208) (0.0019) (0.0027) (0.0007) (0.0001)
Year-Fixed Effects v v v v v v v v
Municipality-Fixed Effects v v v v v v v v
Covariates v v v v v v v v
Baseline 5.9081 4.9780 17.7912 36.7595 0.5237 3.3630 0.1160 0.0093
N Treatment 16 16 17 17 18 18 18 18
NControl 126 126 119 119 126 126 126 126
Obs. 1704 1704 2856 2856 3024 3024 3024 2160

All regressions are weighted by the average population aged 80+ in the period 1994-2000. Municipality-level clustered standard errors in parentheses.
Covariates are selected in order to maximize the corresponding treatment coefficient’s precision. * p < 0.1, ** p < 0.05, *** p < 0.01. Baseline denotes
the year 2000 treatment group outcome average (2003 for expenditure variables), and NTement and N0l are the number of treatment and control
group municipalities, respectively. Obs. is the total number of observations used for estimation. Duration denotes the average visits length (in 2013) in

minutes beyond the minimum length of 30 minutes.

The estimates indicate that that home-based care expenditure increases with visit duration.

Hospital days are significantly reduced by short visits but the effect declines in case of longer

visits. Nursing home utilization and mortality effects are both independent of duration.
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5.4 Reablement Programs

The above exposition has shown that the introduction of PHV programs is associated with a
number of changes in treated municipalities. We have also presented an array of results sup-
porting the identification strategy. However, our results may nevertheless not be interpreted
as causal if there are other interventions which correlate with the introduction of of PHVs.
As it turns out, reablement programs represent an obvious candidate for such a confounding

intervention: they have similar aims as PHVs and were introduced in the same period.

Reablement programs have been implemented in Norwegian municipalities since 2010. The
programs address people with a variety of health challenges and have partially been funded by
grants from the central government (Forland and Skumsnes, 2016). Langeland et al. (2016) and
Langeland et al. (2019) describe and evaluate the reablement programs. The average age of re-
cipients is 78 years and the most common health challenges are fracture and dizziness/balance
problems. A reablement intervetion normally lasts for 4-10 weeks and the primary focus is to
establish a dialogue to identify activities in which the individual would like to perform better.
The intervention is targeted towards achieving these activity goals identified by recipients and
professionals, and measures are specified in a rehabilitation plan. A multidisciplinary team
consisting most often of an auxiliary nurse, physiotherapist, occupational therapist, nurse and
home helper encourage participation and stimulate daily training for the participants, includ-
ing performing their daily tasks themselves. Langeland et al. (2019) report from a multi-center,
clinical controlled trial involving 47 municipalities in Norway. They conclude that six months
into the program, reablement seems to be a more effective rehabilitation service for persons
with functional decline than traditional home-based services. After 12 months, the differences

between the treatment group and the control group fade.

A survey among the municipalities in 2015 showed that 84 municipalities offered a reable-
ment program in 2015. In contrast to PHV programs, the introduction of reablement programs
appears to be strongly related to both demographic and economic municipal characteristics.
Table A2 performs a number of balancing tests. Column (1) shows how the existence of a
reablement program correlates with baseline municipality characteristics. It shows that mu-
nicipalities with better educated populations, higher incomes and greater population density
are more likely to introduce such programs. This difference in levels does not pose a threat to

identification. However, the subsequent columns of Table A2 show that also the introduction
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Table 8: Effect of PHV on Reablement Program Introduction

Introduction of Reablement Program

) 2) ©) (4) (5) (6)

Post-Treat. 0.0178 0.0169 0.0196 0.0071 0.0266 0.0176
(0.0346) (0.0348) (0.0424) (0.0352) (0.0581) (0.0488)

N Treatment 19 19 19 19 19 19

N Control 126 126 126 126 126 126

Obs. 3045 3045 3045 3045 3045 3045

Year-Fixed Effects v v v v v v

Municipality-Fixed Effects v v v v

Municipality-Level Trends v v

Covariates v v v

All regressions are weighted by the average population aged 80+ in the period 1994-2000. Estimates
indicate the coefficients of the post-PHV introduction variable in a regression of a reablement program
introduction dummy on the post-treatment indicator (and a treatment group indicator in the Difference-
in-Differences specification). Covariates are selected in order to maximize the corresponding treatment
coefficient’s precision. Standard errors clustered at the municipality level in parentheses. * p < 0.1, **
p < 0.05,** p < 0.01.

of reablement programs is correlated with a number of changes in local characteristics: popu-

lation density and real capital are correlated with the introduction of a program in each of the

specifications we consider. We conclude that an evaluation of reablement programs is impos-

sible with the current research design. But we may consider it as an outcome in the analysis,

and we may analyse the extent to which PHV and reablement programs are complementary.

Among the municipalities with a reablement program, 35 municipalities also offered PHV
and 5 of those municipalities introduced the prevention program with a target group of indi-

viduals aged 80 and above. Hence, there is some overlap between the two programs.

Spillover Effects. As a first step, we test whether municipalities with a PHV program are more
likely to introduce a reablement program. The results in Table 8 do not suggest that preventive
home visits make the introduction of a reablement program more or less likely — and this holds

across a range of speficiations. Estimates are small and insignificant throughout.

Effect Heterogeneity. Next we test whether the presence of a reablement program moderates
the relationship between PHV programs and the outcomes we consider. Table 9 contains the
estimates of the PHV effect on our outcome variables, taking the reablement programs and an
interaction effect of both programs into account. The main coefficients remain mostly unaf-
fected by the inclusion of the reablement program introduction. Moreover, there is no evidence

of a significant impact of reablement programs or the interaction term on our outcomes.
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Table 9: Effect Heterogeneity in the Presence of Reablement Programs

Expenditure Utilization Hospital Mortality Mental Health
NH Care HB Care NH Care HB Care Admissions Days
™ @ ©) @ G (6) @ ®)
PHV -0.0339 -0.0024 -1.9774** 1.8158** -0.0874* -0.1002 -0.0359*** 0.0011
(0.0207) (0.0318) (0.8450) (0.8657) (0.0446) (0.0685) (0.0125) (0.0021)
Reablement -0.0869 -0.0030 -0.7719 -0.9486 0.0088 -0.0484 0.0021 -0.0016
(0.0568) (0.0272) (0.6585) (0.9079) (0.0318) (0.0528) (0.0266) (0.0029)
PHV x Reablement 0.0750 0.0400 0.8630 -1.4106 0.0391 0.0946 0.0233 0.0084
(0.0583) (0.0536) (1.4927) (1.3048) (0.0592) (0.0810) (0.0391) (0.0058)
Year-Fixed Effects v v v v v v v v
Municipality-Fixed Effects v v v v v v v v
Covariates v v v v v v v v
Baseline 5.9081 4.9780 17.7912 36.7595 0.5237 3.3630 0.1160 0.0093
NTreatment 16 16 18 18 19 19 19 19
NCentrol 126 126 119 119 126 126 126 126
Obs. 1704 1704 2877 2877 3045 3045 3045 2175

Standard errors clustered at the municipality level in parentheses. Covariates are selected in order to maximize the corresponding treatment
coefficient’s precision. * p < 0.1, ** p < 0.05, *** p < 0.01. Baseline denotes the year 2000 treatment group outcome average (2003 for expenditure
variables), and NTrettment and NC'rl are the number of treatment and control group municipalities, respectively. Obs. is the total number of
observations used for estimation.

5.5 Robustness Checks

We expose our results to a number of robustness checks. First we assess the sensitivity of re-
sults to the inclusion and exclusion of control variables. Then we implement synthetic control
methods. Third, we replace statistical inference with design-based inference (Abadie et al.,
2017). Finally, we empirically assess the sensitivity of our results to unobserved confounders,
using the method proposed by (Oster, 2019). This may be seen as the counterpart of the anal-

sysis of reablement programs in section 5.4, which assessed the sensitivity to the inclusion of

an observed confounder.

5.5.1 Sensitivity to the set of Control Variables

As reported above, we picked the set of conditioning variables selectively in order to achieve
maximum precision. We now check how results are affected by altering the set of conditioning
variables. Results are presented in Appendix Table A1l. We contrast two extreme cases — one
with no covariates, and one including all covariates — with our main specifications. For our
preferred fixed-effects specification, the set of conditioning variables does not matter — even

though our specification with selected covariates sometimes exhibits slightly better precision

in the estimates.
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5.5.2 Synthetic Control Methods

Our balancing tests in Table 3 and our tests of pre-trends presented in Table 4 consistently
lend support to the main identification strategy. The event studies presented in Appendix A.2
paint a similar picture. Nevertheless, our control group consists of a large and diverse set
of municipalities, and therefore we also investigate whether a better comparison group may
be derived using the synthetic control group method introduced by Abadie and Gardeazabal
(2003) and formalized by Abadie et al. (2010). The main idea of the method is to construct for
each of the N treated units a control unit that is a weighted average of the complete pool of N©
controls under the conditions that weights w; for j = NT 4+ 1,..., NT + N¢ are non-negative

and sum to one.

The synthetic control group method is largely data driven, but one modeling choice is in-
volved in the selection of pre-treatment variables for the calculation of weights; this is a poten-
tially important choice since it is not possible to include the entire set of pre-treament observa-
tions in the presence of covariates (Kaul et al., 2015). We consider three different strategies in
what follows: one which is based only on pre-treatment realizations of the outcome; one which
is based on selected pre-treatment realizations of the outcome (namely from the first and the
last available pre-treatment year as well as one period in-between) and on all covariates; and

one which is only based on covariates.

After the weights are determined, synthetic controls are constructed for each treated unit by
multiplying each donor municipality’s outcome and covariates with the municipality-specific
weight. The balance of outcomes and controls for different specifications is presented in Ap-
pendix Table A3. The first two columns of the table compare the treatment group to the entire
donor pool, and the following three columns show the variable means for our three synthetic
controls. Clearly, the method improves the balance of pre-treatment outcomes in the majority
of cases. For the health-related outcomes, it appears that in particular the specification com-
bining pre-treatment outcomes and covariates produces a better control group than the entire

donor pool.

Our main specification (8) can be estimated in a sample of all treated units and the same
number of synthetic controls. As before, all regressions are weighted by pre-treatment average

80+ population. Table 10 contains the corresponding results.
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Table 10: Synthetic Control Method

Expenditure Utilization Hospital Mortality Mental Health

NH Care HB Care NH Care HB Care Admissions Days
(1) @ [©) 4) ©) (6) 7) ®

Matching on Pre-Treatment Outcomes

Post-Treat. -0.0055 0.0076 -1.8028* 1.5682 -0.0540 -0.1167 -0.0389** 0.0021
(0.0192) (0.0425) (0.9317) (0.9714) (0.0470) (0.0727) (0.0186) (0.0021)

Matching on Covariates and Selected Pre-Treatment Outcomes

Post-Treat. 0.0072 0.0017 -1.7671* 1.7085* -0.0772 -0.1243* -0.0466"* 0.0032
(0.0255) (0.0340) (0.9364) (1.0080) (0.0473) (0.0748) (0.0191) (0.0021)

Matching on Covariates

Post-Treat. 0.0271 -0.0039 -2.0154** 2.0851** -0.0923** -0.1247* -0.0644*** 0.0036*
(0.0300) (0.0290) (0.9203) (0.9615) (0.0466) (0.0693) (0.0204) (0.0020)

Year-Fixed Effects v v v v v v v v

Municipality-Fixed Effects v v v v v v v v

Baseline 5.9081 4.9780 17.7912 36.7595 0.5237 3.3630 0.1160 0.0093

NTreatment 16 16 18 18 19 19 19 19

NSynth. Control 16 16 18 18 19 19 19 19

Obs. 384 384 756 756 798 798 798 798

Matching on Covariates indicates creating synthetic controls based on pre-treatment covariate averages and Matching on Pre-Treatment Outcomes de-
notes creating the synthetic controls using pre-intervention outcomes. Matching on Covariates and Selected Pre-Treatment Outconies matches on all
covariates as well as selected pre-treatment outcomes. All regressions are weighted by the average population aged 80+ in the period 1994-2000.
Municipality-level clustered standard errors in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. Baseline denotes the year 2000 treatment group
outcome average (2003 for expenditure variables), and NTrement and NSynth- Control gre the number of treatment and synthetic control group munici-
palities, respectively. Obs. is the total number of observations used for estimation.

All three specifications provide similar results which do not differ significantly from our
main results. We interpret these results as confirmation that our initial control group is ap-
propriate and that our estimates in Table 5 therefore capture the effects of introducing a PHV

program.

5.5.3 Design-Based Inference

Our data sample includes the entire target population, the number of municipalities is rela-
tively small, and some of the outcome variables have limited distributions. For this reason, the
basis for standard statistical inference based on random sampling may be challenged. As an
alternative, we conduct design-based inference based on the treatment assignment mechanism
(Abadie et al., 2017). For the tests, we randomly assign both treatment group membership and
year of treatment, estimate the DID parameters, and calculate the ¢ statistics (cf. Fischer et al.,
2017; MacKinnon et al., 2016). This is repeated 10,000 times to obtain the distributions of the
test statistics. The size of the random treatment group is restricted to be equal to the real treat-
ment group and the random treatment year distributions are identical as well. This is obtained
by randomly sorting all municipalities, assigning for example the first 19 municipalities of the
random order to the treatment group and all others to the control group, and then assigning a
treatment year of for example 2001 to the first placebo treatment group municipality, 2002 to
the second and so on until the structure of treated municipalities and treatment years matches

to the original case. Figure 5 shows the distribution of the ¢ statistics (vertical line indicates the
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original ¢ statistics) as well as the two-sided p values indicating the probability of exceeding

t-statistics.

The results according to this alternative basis for statistical inference are very similar to
those previously reported. The effects on utilization — of nursing homes and home-based care
(Figure 5b) — remain significant at the 10 per cent level. Also the effects on hospital admissions
and mortality remain significant. Thus, randomization inference would in general lead to the

same conclusions as traditional statistical inference.
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Figure 5: Randomization Inference

Note: All figures show ¢ statistics distributions of coefficient T from model (8) obtained by randomizing the
post-treatment variable with 10,000 repetitions. Vertical lines indicate the actual ¢ statistics.

5.5.4 Sensitivity Analysis

A key identifying assumption underlying the analysis is that there is no other relevant change
in the treated municipalities that coincides with the introduction of PHV programs. We have

shown in section 5.4 that the other main intervention happening in Norwegian municipalities
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Table 11: Sensitivity Analysis: Oster (2019)

T T 6"
1) @) ®)
Expenditure NH Care -0.0226 0.0178 0.6235
Expenditure HB Care 0.0030 0.0905 -0.0441
Utilization NH Care -1.8577 -0.3313 1.1939
Utilization HB Care 1.7853 1.5031 2.8707
Hospital Admissions -0.0814  -0.0727 3.8040
Hospital Days —-0.0865 -0.0622 2.4233
Mortality -0.0433 -0.0396 5.5639
Mental Health 0.0022 0.0065 -0.6828
T is the estimates from our preferred specification and 7* is the estimated “true”
treatment effect assuming proportional selection and 6 = 1 (cf. equations

(16) and (17) in the appendix). J* denotes the importance of unobserved con-
founders that would lead to a treatment coefficient of zero.

in the same time period — reablement programs — are unrelated to the introduction of PHV
programs. We now assess the extent to which unobserved confounders may bias our estimates,

using two methods that have been proposed in the literature.

Oster (2019). The approach by Oster (2019) is based on the logic that observed confounders X
represent a natural benchmark for assessing the potential impact of unobserved confounders
U. In particular, it is assumed that there is proportionality in the selectivity given by observed
and unobserved confounders, defined as (5% = %{T where 0;17 denotes the covariance between
confounder i € (X,U) and the treatment variable. A situation with || = 1 would imply

that unobserved confounders are equally important sources of selection bias as observed con-

founders, whereas |4| < 1 indicates less and || > 1 indicates more importance.

This proportional selection relationship allows to conduct two types of sensitivity tests: the
first one directly calculates the bias based on given values for § and the maximum R-squared
that would result by including the full set of observed and unobserved confounders, and the
second one provides a bound for J, i.e., the value of J is calculated for which the treatment coef-
ficient T would equal zero. We provide an exact derivation of these two estimates in Appendix

A.6.1. The main results coming out of the analysis are presented in Table 11.

According to the results, our estimated effects appear to be rather robust. The T* coefficients
for home-based care utilization, hospital admissions, and hospital days are still comparable to
our main results. However, the effect on nursing home care decreases to 18% of its initial
size and the coefficient for nursing home expenditure even switches signs. Interpreting the

0* leads to a similar conclusion: except for the expenditure outcomes, for all variables the
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Table 12: Sensitivity Analysis: Ichino et al. (2008) - Summary

Expenditure Utilization Hospital Mortality Mental Health

NH Care HB Care NHCare HB Care Admissions Days
@ @) ®) ) ®) Q @) ®)

Share Significant 0.00 0.00 0.88 0.12 0.20 0.00 0.64 0.00
Share Stable Sign 1.00 0.44 1.00 0.96 1.00 1.00 0.96 0.68
Repetitions 1,000 1,000 1,000 1,000 1,000 1,000 1,000 1,000

Share Significant denotes the share of ¢ statistics above 1.64, and Share Stable Sign is the share of ¢ statistics which
have the same sign as the original estimate.
unobserved confounders would have to be much more important than the observed ones in

order to produce a treatment effect equal to zero.

Ichino et al. (2008). As an alternative to the method suggested by Oster (2019) we also consider
an approach introduced by Ichino et al. (2008). This approach is based on the assumption that
the unconfoundedness assumption — which is sufficient to achieve identification — is violated
when conditioning only on observed covariates X, but that it holds if X is augmented by an
unobserved confounder X. The method then proceeds to put reasonable restrictions on the
distribution of that unobserved confounder. In our case, this involves assuming that the con-
founder is correlated with the treatment variable and that it tends to bias estimates toward zero.
We then vary the degree of correlation with the treatment variable and the outcome, and assess
the robustness of results. We provide the details of the method in Appendix A.6.2, and the full
set of estimates are provided in Appendix Table A5. Table 12 gives a summary: it shows the
proportion of simulations which deliver significant estimates, and the proportion of estimated

effects that have the same sign as in our baseline specification.

Nursing home care utilization and mortality exhibit a considerable robustness even to se-
vere confounders. The estimates in case of home-based care utilization and hospital admissions
lose significance for mild confounders. Although the effects of PHV on home-based care expen-
diture and hospital days are not significant, the sensitivity analysis results indicate that effects

in the opposite direction are very unlikely.

6 Discussion

The most robust result coming out of our analysis is that PHV programs reduced mortality
in the 80+ population. According to our preferred specification, this reduction amounts to

3.6% from a baseline of 11.9%. It thus corresponds to a reduction of the mortality rate by 0.4

34



percentage points. Given that the total 80+ population in the treated municipalities was around

7.200 at baseline, this corresponds to 29 avoided deaths per year.

Further results that are remarkably robust are the finding that PHVs lead to a substitution of
home-based care for nursing home care and a reduction in hospital care utilization. This raises
the question as to whether these other outcomes are mediating the effects of PHVs on mortal-
ity — or if they simply pick up an improvement in health driven by the PHV. A full-fledged
mediation analysis goes beyond the scope of this paper, but we present some descriptives that
may help understanding the relationships between different outcomes. In Figure 6, we present

estimates of associations based on a regression of the type

Yimt = Hm + 1—'Ym,tfl + €mt (13)

where Y, ;1 is a vector of outcomes, including the lagged value of the dependent variable,

Yikm t—1. Each arrow in Figure 6 represents a parameter in I and thus represents the association

between the outcome and a lag of another outcome.’

Hospital Days

NH Care 0.0447** HB Care

Mortality

Figure 6: Associations between Outcomes

9We do not include hospital admissions since the hospital day variable is the product of admissions and average
length of stay.
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Despite the serious limitation that the estimates in the figure are descriptive, it may be infor-
mative regarding the sequence of events that ultimately lead to a reduction in mortality. That
LTC utilization mediates the relationship between PHVs and health outcomes seems unlikely
for a number of reasons. First, the association between LTC utilization and hospital care is
stronger for home-based LTC. Hence, a shift from nursing homes to home-based care would
ceteris paribus generate an increase in hospital days. Second, the association between LTC uti-
lization and mortality is fairly similar for both types of care. Therefore, a shift from nursing
home to home-based care should not have an impact on mortality according to these descrip-
tive estimates. Third, if conditional on baseline health the substitution of home-based care for
nursing home care leads to a reduction in mortality, there is serious misallocation at the outset
in the sense that some residents of nursing homes are harmed by being there. While this is
a theoretical possibility, we conclude that it seems more likely that PHVs lead to an improve-
ment in health which in turn affects a number of endpoints — such as hospital admissions, LTC

utilization, and mortality.

The only result which is not directly consistent with an improvement in older people’s
health is our — in most cases insignificant — estimate for hospital admissions due to mental
health problems. But our preferred specification rules out improvements in mental health ad-
missions by more than 0.2% — which is in stark contrast to the estimate for general hospital
admissions, which drop by 8%. If admissions due to mental health problems increase, there
are at least three possible mechanisms. First, PHVs may have a detrimental effect on the recipi-
ents’ mental health. Second, PHVs may lead to improved detection of mental health problems.
Third, to the extent that nursing homes provide similar services as hospitals regarding men-
tal health needs, a reduction in nursing home utilization will have mechanical effects on the
hospital admissions. Our data do not allow us to distinguish between these three mechanisms,
but a direct effect of PHVs on mental health seems unlikely given that all indicators of physical
health improve. We posit that the mechanical effect also seems implausible, since individuals
who receive treatment in nursing homes for mental health conditions are unlikely to be those
that change utilization patterns after the introduction of PHVs. This leaves better detection as

the most promising candidate.
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7 Conclusion

In this study, we evaluated whether the introduction of a preventive home visits program in
the Norwegian LTC sector was effective in two senses: first, if it had the intended effect on
utilization of LTC services; and second, if there is evidence suggesting it also improved older

people’s health.

Concerning the first point, resource use in the LTC sector, our results unambiguously show
that the introduction of PHVs was associated with a shift away from institutional care, with
a corresponding increase in the utilization of home-based services. The reduction of nursing
home use corresponds to around 10 percent of the baseline. The reduced reliance on institu-
tional care is not visible in public spending on LTC (even though we note a slight decline in the
long term). Since costs are expressed per capita, a possible reason is that nursing home patients

are sicker than before PHV was introduced.

The program also appears to have improved older people’s general health: hospital admis-
sions are significantly reduced by 8 percent in the 80+ population. There is a corresponding
reduction in average hospital days, even though it fails to reach statistical significance at con-
ventional levels. Also mortality among the oldest old is reduced by PHV; the magnitude of the
effect is equivalent to a reduction by 4 percent. This might not seem like a large effect, but it is
of course remarkable if a relatively low-cost preventive program can impact old-age mortality

at such a rate.

By comparing costs and benefits, we might obtain an impression of whether PHV programs
are welfare improving. In Section 2.2, we described that a typical PHV lasts 60 - 80 minutes.
Langeland et al. (2016) find that cost per hour of qualified health personnel in the home services
is on average about NOK 500, corresponding to € 51 with an exchange rate of 9.80 NOK/Euro.
Including travel time, the total costs amount to €102 for 120 minutes. Neither effects on nurs-
ing home expenditures nor expenditures on home based services are identified in our study.
Langeland et al. (2016) report that the cost of an average hospital day is approximately € 500.
A reduction of 0.05 hospital days would then be priced at €25. A rough estimate of the net
costs of PHV is thus €77. This seems to be a very reasonable price to pay for an estimated 4 %
mortality decline. We conclude that PHV in the setting we have studied, is likely to be socially

efficient.

37



However, as the actual implementations of the programs are quite heterogeneous, it re-
mains unclear which program types are the most beneficial. A further unanswered but inter-
esting aspect is what the impacts of the substitution between nursing home and home based
case on older people’s mental health and life satisfaction are. Our preliminary analysis sug-
gests that PHVs might have increased the number of hospital admissions due to mental health
issues. It remains unclear, however, whether this effect is driven by better detection or whether
mental health actually deteriorated as a consequence of the program. We have argued that the

former interpretation appears more plausible, but we are not able to rule out other mechanisms.

We can think of several mechanisms that are involved in mediating the effects of PHV. An
old person who experience PHV will receive more knowledge about available prevention tech-
nology. Prevention effort will then be more effective than previously. It may also be that PHV
convinces the old person to do more preventive effort to maintain health and independence.
A third mechanism is that the nurse who does the PHV detects that the old person has certain
health problems that need attention from the home based care service or health service to delay
or prevent nursing home and hospital admission in the future. A further empirical exploration

of the mechanisms involved in creating the effects of PHV is left for future research.

Finally, an important limitation of our study is that we have no information on informal
care. It is possible, though unlikely, that the PHV affected older people’s health through

changes in the provision of informal care.
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A Appendix

A.1 Theoretical Model

In this appendix we provide some additional results related to the theoretical model presented in
Section 3.

The Individual’s Problem. The second order conditions for the individual’s problem are given as:

9*EU
oz ~ V<0
]
aZEu " / / / 2 11 11
2 =0 Vu=Vo)+2(1-k)n (V= V) + 1=k [1—m) Vyy + V] <0

In addition, the various cross-derivatives of the FOCs are all equal to zero, which facilitates the de-
termination of the individual’s decision to various parameters.

In order to assess the effects of effectiveness of prevention, we now specify a functional form
for 7t (r). We assume that 7 (r) = Ar~P for some B > 0. The parameter  represents the elasticity

of the probability of disability with regard to prevention effort: %% = —p. Henceforth we call it
‘effectiveness of prevention’. Applying again the implicit function theorem, we get
2 2
dr G —has V= VO (=R (Vo = V)
T PEU QEU
d‘B or? or?
— (1=K E V-V + 01—k v, (%-m)
- PEU
or?

The first term in the numerator needs to be positive to satisfy the first order condition for r (cf.
equation 4 in Section 3). The sign of the second term depends on the sign of (% —1In r) , and this term

. . o . . 2
also determines whether an increase in § increases the marginal effect of prevention effort: ;r d% =

—Z (1 — BInr). In the case that increases in  improve the effectiveness of prevention, <% —In r) >0
so that the entire numerator is positive, implying that the optimal effort r is increasing in .
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A.2 Event Study Graphs
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Figure Al: Event Study Graphs — LTC Expenditure/Utilization
Note: Figures show the parameters T from model (10). Unbalanced Coefficients indicate coefficients estimated on an

incomplete set of treatment group municipalities due to insufficient post-treatment observations. Vertical lines
correspond to 90% confidence intervals.
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Note: Figures show the parameters T from model (10). Unbalanced Coefficients indicate coefficients estimated on an

incomplete set of treatment group municipalities due to insufficient post-treatment observations. Vertical lines
correspond to 90% confidence intervals.
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A.3 Main Results - Alternative Specifications

Table A1: Results - Alternative Specifications

Expenditure Utilization Hospital Mortality Mental Health
NH Care HB Care NH Care HB Care Admissions Days
) @ ®G 4 ©) (6) @) ®)
Basic DID
No Covariates
Post-Treat. 0.0556* 0.0212 -2.1100 3.0238* -0.1008** -0.0499 —0.0495** 0.0017
(0.0297) (0.0549) (1.4013) (1.7747) (0.0501) (0.0875) (0.0190) (0.0020)
Selected Covariates (Main Specification)
Post-Treat. 0.0556* 0.0421 -2.2887* 3.2194** -0.0897* -0.0381 -0.0441*** 0.0017
(0.0297) (0.0476) (1.2386) (1.4432) (0.0470) (0.0757) (0.0146) (0.0020)
All Covariates
Post-Treat. 0.0505 0.0064 -2.0451 2.7282* -0.0942* -0.0449 -0.0398** 0.0028
(0.0443) (0.0458) (1.3741) (1.5650) (0.0523) (0.0818) (0.0164) (0.0021)

FIXED EFFECTS

No Covariates

Post-Treat. -0.0256 -0.0037 -2.0077** 1.8070* -0.0822* -0.0884 -0.0438"** 0.0019
(0.0230) (0.0317) (0.9649) (1.0040) (0.0450) (0.0723) (0.0156) (0.0021)

Selected Covariates (Main Specification)

Post-Treat. -0.0262 -0.0019 -1.9008** 1.6210* -0.0838"* -0.0926 -0.0359*** 0.0019
(0.0207) (0.0299) (0.8260) (0.8395) (0.0423) (0.0668) (0.0123) (0.0021)

All Covariates

Post-Treat. -0.0226 0.0030 -1.8577** 1.7853* -0.0814* -0.0865 -0.0433*** 0.0022
(0.0253) (0.0323) (0.8978) (0.9306) (0.0442) (0.0752) (0.0131) (0.0022)

Year-Fixed Effects v v v v v v v v

Baseline 5.9081 4.9780 17.7912 36.7595 0.5237 3.3630 0.1160 0.0093

NTreatment 16 16 18 18 19 19 19 19

NControl 126 126 119 119 126 126 126 126

Obs. 1704 1704 2877 2877 3045 3045 3045 2175

All regressions are weighted by the average population aged 80+ in the period 1994-2000. Standard errors clustered at the municipality level
in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01. Baseline denotes the year 2000 average (2003 for expenditure variables) of the outcome in
the treatment group, and NTreatment and N1l gre the number of treatment and control group municipalities, respectively. Obs. is the total
number of observations used for estimation.
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A.4 Reablement Programs - Balancing Tests

Table A2: Balancing Tests (Reablement Programs)

Baseline DID DID-FE DID-FE + Trends
@) @) ®) @)
Unemployment (Females) 0.0006 0.0005 -0.0003 0.0005
(0.0010) (0.0012) (0.0010) (0.0008)
Share Females 0.0038** -0.0021 -0.0009 -0.0003
(0.0016) (0.0014) (0.0006) (0.0006)
Share Secondary or Higher Education 0.0304*** -0.0187** -0.0069** 0.0003
(0.0111) (0.0092) (0.0029) (0.0015)
Vote Share Left-Wing Parties 0.0262 -0.0391 0.0051 0.0049
(0.0197) (0.0239) (0.0090) (0.0060)
Live Births 0.0005* 0.0007* 0.0000 -0.0004**
(0.0003) (0.0004) (0.0002) (0.0002)
Real Capital 0.0064 0.1253*** 0.1151** 0.0612***
(0.0292) (0.0377) (0.0344) (0.0223)
Financial Capital -0.0169 0.0685 0.0451* -0.0138
(0.0381) (0.0529) (0.0234) (0.0187)
Property Transfers 0.0024*** 0.0020 0.0003 -0.0005
(0.0007) (0.0013) (0.0006) (0.0005)
Share European Immigrants 0.0041** 0.0073* 0.0047* 0.0013
(0.0019) (0.0040) (0.0027) (0.0015)
Share Non-European Immigrants 0.0053*** 0.0054 0.0024 -0.0007
(0.0017) (0.0033) (0.0018) (0.0007)
Average Income 0.0375*** 0.0330 -0.0071 -0.0029
(0.0144) (0.0215) (0.0083) (0.0046)
Population Increase 0.0055*** 0.0022 -0.0019 —0.0038**
(0.0013) (0.0017) (0.0012) (0.0017)
Divorces 0.0002** 0.0000 -0.0002** -0.0002**
(0.0001) (0.0001) (0.0001) (0.0001)
Marriages 0.0005*** 0.0004*** -0.0001 0.0000
(0.0001) (0.0001) (0.0001) (0.0001)
Naturalizations 0.0004** 0.0002 0.0000 -0.0001
(0.0002) (0.0002) (0.0001) (0.0002)
Plantings 0.0011 -0.0033* 0.0006 -0.0018**
(0.0022) (0.0019) (0.0007) (0.0008)
Share Living in Densely Populated Areas 0.2040*** 0.0757** 0.0034 0.0047
(0.0384) (0.0344) (0.0074) (0.0055)
Net Migration 0.0039*** 0.0006 -0.0019 -0.0033**
(0.0010) (0.0013) (0.0012) (0.0016)
Population Density 55.3549*** 49.4775* 11.1932*** 1.2946*
(17.0673) (25.8996) (4.3073) (0.7615)
80+ Population 393.1709*** 194.0962 71.3556*** -14.0020
(121.2084) (144.2490) (19.9345) (19.4267)
Year-Fixed Effects v v v v
Municipality-Fixed Effects v v
Municipality-Level Trends v

Baseline denotes the coefficient of regressing the specific covariate on the treatment group indicator in the com-
mon pre-treatment period 1994-2012. Estimates indicate the coefficients of the reablement post-treatment variable
in a regression of the specific covariate on the post-treatment indicator (and a treatment group indicator in the
Difference-in-Differences specification). All regressions are weighted by the average population aged 80+ in the
period 1994-2000. Standard errors clustered at the municipality level in parentheses. * p < 0.1, ** p < 0.05, ***
p < 0.01.
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A.5 Synthetic Control Methods

Table A3: Baseline Averages by (Synthetic) Groups

Treatment  Control Synth: Synth: Synth:
Pre-Treatment Covariates + Covariates
Pre-Treatment

Outcome Variables

Expenditure NH Care 5.9081 6.0826 6.0838 5.0483 4.8845
Expenditure HB Care 4.9780 5.9709 5.8603 5.4133 5.5369
Utilization NH Care 17.7912 15.2094 15.4736 13.9445 13.5504
Utilization HB Care 36.7595 39.4726 39.8823 37.7789 38.5110
Hospital Admissions 0.5237 0.5577 0.5569 0.5556 0.5520
Hospital Days 3.3630 3.8253 3.7977 3.7998 3.7733
Mortality 0.1160 0.1244 0.1228 0.1225 0.1242
Mental Health 0.0093 0.0102 0.0114 0.0092 0.0094
Covariates

Economic Indicators

Average Income 2539176  242.7416 211.4613 222.0073 221.5236
Unemployment (Females) 0.0216 0.0231 0.0169 0.0155 0.0162
Financial Capital 204.7245  179.6868 148.4367 159.2539 159.0266
Real Capital 183.9998 172.1706 142.3743 148.6507 148.5578
Property Transfers 0.0141 0.0115 0.0100 0.0120 0.0119
Demographic Indicators

Share Females 0.5015 0.5006 0.4992 0.5012 0.5014
Share Secondary or Higher Education 0.6701 0.6385 0.6232 0.6532 0.6486
Live Births 0.0118 0.0112 0.0123 0.0126 0.0124
Net Migration 0.0046 0.0005 0.0025 0.0062 0.0060
Share European Immigrants 0.0239 0.0215 0.0211 0.0233 0.0232
Share Non-European Immigrants 0.0155 0.0157 0.0110 0.0134 0.0129
Naturalizations 0.0011 0.0012 0.0011 0.0013 0.0013
Population Increase 0.0072 0.0016 0.0043 0.0094 0.0088
Population Density 52.1936 57.5330 54.2788 81.7750 79.7965
Marriages 0.0043 0.0042 0.0051 0.0052 0.0053
Divorces 0.0022 0.0022 0.0018 0.0021 0.0020
Share Living in Densely Populated Areas 0.6387 0.6322 0.5856 0.6732 0.6711
Other

80+ Population 523.6443  637.7554 449.7947 551.3040 622.1223
Vote Share Left-Wing Parties 0.4118 0.4588 0.4343 0.4254 0.4252

All values are group-specific averages for the baseline period 2000 (2003 in case of expenditure variables,
weighted by the pre-treatment average 80+ population. Treatment and Control are the treatment and control
group municipalities as defined in subsection 4.1, and Synth denotes the average for all synthetic control units
within a specification. Matching on Covariates indicates creating synthetic controls based on pre-treatment co-
variate averages and Matching on Pre-Treatment Outcomes denotes creating the synthetic controls using pre-
intervention outcomes. Matching on Covariates + Pre-Treatment Outcomes matches on all covariates as well as
selected pre-treatment outcomes. Ultilization is measured in percent of 80+ population, all other outcomes are
measured as per capita of 80+ population. Expenditure variables are available for the period 2003-2014, and
mental health information is available for 2000-2014. Source: Statistics Norway (2019), Norwegian Centre for
Research Data (2019), and Fiva et al. (2015).

A.6 Sensitivity Analysis
A.6.1 Oster (2019)

For the calculations, we need to define the true model of Y;,;; as

Yout = M+ pm + T (PHVyy X Postyt) + X y1 + Upyy2 + €mt, (14)
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Table A4: Sensitivity Analysis: Oster (2019)

N

R R Royax T T &*

1) ) 3) 4) 5) (6)
Expenditure NH Care 0.4077 0.4446 0.8137  —0.0226 0.0178 0.6235
Expenditure HB Care 0.7991 0.8049 0.8631 0.0030 0.0905  —0.0441
Utilization NH Care 0.2728 0.3154 0.7406  -1.8577  -0.3313 1.1939
Utilization HB Care 0.0673 0.1457 0.9301 1.7853 1.5031 2.8707
Hospital Admissions 0.1643 0.1839 0.3796  —0.0814  -0.0727 3.8040
Hospital Days 0.1990 0.2500 0.7604  -0.0865  —0.0622 2.4233
Mortality 0.2435 0.3574 1 -0.0433  -0.0396 5.5639
Mental Health 0.0222 0.0394 0.2114 0.0022 0.0065  —0.6828

R, and R denote the r-squared for the models without covariates, and with all observed confounders, respectively. Ry is
the hypothetical r-squared of a regression including both observed and unobserved confounders, and is defined as Ryx =
R+ (R - R) x 10. T and 7" are the treatment effects according to (16) as well as (17) for 6 = 1, and ¢* denotes the importance of
unobserved confounders that would lead to a treatment coefficient of zero.

whereas the model without confounders is given by
Yot = At + fn + £ (PHV,;, X Postyt) + Emt, (15)
and with observable confounders we have
Yot = At + fim + T (PHV, X Posty) + X5 ¥1 + Enur- (16)

The corresponding r-squared values are R;;4y, R, and R.

Under proportional selection and for given values of 6 and R;;,x, we obtain the true treatment
coefficient by

(17)

We calculate this coefficient for 6 = 1 and for R,,;x = R + (R — R) x 10, so we assume that the unob-
served confounders are as important as the observed confounders, and the unobserved U explains
ten times as much variation in Yj;; as X.

In case of the bounding argument, the J for which the treatment coefficient would equal zero is
calculated as

2 [(R-R))* [t =7+ 7 [(R-R)] |02 [(R-R)]* + [t =7 [(R-R)]

o . 0 - (18)
22 [(R—R))*[£ = 7] + [Ruwx — R] [£ = 7] [0} [(R— R))*+ [¢ — 7" [(R -

%)l_n

)|

A.6.2 Ichino et al. (2008)

As suggested by Rosenbaum and Rubin (1983), we may assume that unconfoundedness does not
hold,
(Y (0),Y (1) JL PHV | X, (19)

but that it holds conditional on an unobserved binary confounder U. For example, this confounder
may be thought of as another intervention with a similar target group which some municipalities
introduced together with PHYV, leading to the assumption

(Y (0),Y (1)) 1L PHV | X, U. (20)
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In addition, it is assumed that U is independent of X and its distribution given by the probabilities
pij = Pr(U =1|PHV =i,Y* = j). For simplicity, we consider Y* to equal 1 if Y is larger than the
mean, and 0 otherwise (cf. Ichino et al., 2008).

As countless combinations of p;; are possible, we implement a few restrictions suggested by
Ichino et al. (2008) to evaluate only the most interesting probabilities. First, we require a positive
correlation with the treatment variable, p;. — po. > 0. Second, to evaluate how strong a counfounder
must be to bias the treatment effect towards zero, we set pp; — poo > 0 in case of a positive treat-
ment effect.!” Third, we define p1; = pio, and fourth, we set for each year Pr (U =1 | year = t) =
03+ Pr(T =1| year =t).

The sensitivity analysis is conducted by varying the two parameters s = p;. — po. and d* =
po1 — poo (or d~ = poo — po1 in case of negative treatment effects, respectively), generating a con-
founder according to these probabilities, re-estimating the model with the confounder U included,
and determining the t statistic for the treatment coefficient. These steps are repeated 1,000 times
for each s and d*/d~ combination. A treatment effect is considered to be robust if the average ¢
statistic does not change its sign and remains beyond the critical values for mild confounders. The
corresponding results can be found in Table A5; Table 12 contains a brief summary.

10Conversely, we impose pog — po1 > 0 in the case of a negative treatment effect.
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Table A5: Sensitivity Analysis — Ichino et al. (2008)

(a) Expenditure NH Care (b) Expenditure HB Care

d- d-
s 0.1 0.2 0.3 0.4 0.5 s 0.1 0.2 0.3 0.4 0.5
0.1 -1.24 -1.21 -1.19 -1.16 -1.13 0.1 -0.05 -0.03 0.00 0.04 0.09
0.2 -1.21 -1.15 -1.08 -1.01 -0.94 0.2 -0.03 0.01 0.05 0.11 0.18
03 -117  -1.08 -098 -087  -0.76 03  -0.02 0.04 0.10 0.17 0.27
04 -114 -100 -087 -073  -0.57 0.4 0.00 0.07 0.16 0.25 0.37
05 -110 093  -076 058  -0.39 05 0.02 0.11 021 033 047

(c) Utilization NH Care (d) Utilization HB Care

- ar
s 0.1 0.2 0.3 0.4 0.5 s 0.1 0.2 0.3 0.4 0.5
0.1 -2.28 -2.25 -2.24 -2.22 -2.21 0.1 1.86 1.79 1.70 1.59 1.43
0.2 -2.25 -2.20 -2.15 -2.10 -2.05 0.2 1.79 1.65 1.48 1.28 1.01
0.3 -2.22 -2.14 -2.06 -1.98 -1.89 0.3 1.72 1.51 1.26 0.97 0.58
0.4 -2.19 -2.08 -1.97 -1.85 -1.72 0.4 1.65 1.36 1.03 0.63 0.13
0.5 -2.16 -2.01 -1.87 -1.72 -1.55 0.5 1.57 1.21 0.79 0.28 -0.34

(e) Hospital Admissions (f) Hospital Days

a- a-
s 0.1 0.2 0.3 0.4 0.5 s 0.1 0.2 0.3 0.4 0.5
0.1 -1.93 -1.86 -1.78 -1.69 -1.56 0.1 -1.36 -1.34 -1.35 -1.36 -1.41
0.2 -1.87 -1.75 -1.61 -1.44 -1.23 0.2 -1.32 -1.27 -1.22 -1.19 -1.17
0.3 -1.81 -1.63 -1.43 -1.19 -0.89 0.3 -1.28 -1.19 -1.10 -1.01 -0.92
0.4 -1.75 -1.51 -1.24 -0.92 -0.54 0.4 -1.24 -1.11 -0.96 -0.82 -0.67
0.5 -1.69 -1.38 -1.04 —-0.64 -0.16 0.5 -1.20 -1.02 -0.83 -0.62 -0.39

(g) Mortality (h) Mental Health

d- ar
s 0.1 0.2 0.3 0.4 0.5 s 0.1 0.2 0.3 0.4 0.5
0.1 -2.80 -2.73 -2.72 -2.76 -2.85 0.1 1.19 1.14 1.10 1.07 1.04
0.2 -2.65 -2.43 -2.26 -2.14 -2.07 0.2 1.12 1.00 0.89 0.79 0.69
0.3 -2.49 -2.12 -1.79 -1.51 -1.26 0.3 1.05 0.86 0.69 0.52 0.35
0.4 -2.31 -1.79 -1.30 -0.84 -0.41 0.4 0.98 0.72 0.48 0.24 0.00
0.5 -2.13 -1.44 -0.78 -0.14 0.48 0.5 0.90 0.57 0.25 -0.07 -0.38

Note: Tables contain average ¢ statistics for Pr (U =1 | year = t) = 0.3+ Pr (T =1 | year = t) and given values of s and
d*/d~ after 1,000 repetitions.
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